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Abstract

This study presents a comprehensive, evidence-based methodological framework for es-
timating extreme significant wave heights associated with several return periods using
meteorological records (wind speed and air temperature) in combination with machine
learning algorithms. The proposed framework integrates a sequence of preliminary diag-
nostic analyses prior to extreme value modelling, including homogeneity tests to identify
potential change points and trend analyses to assess the presence of stationary or non-
stationary behaviour, thereby enabling the selection of an appropriate frequency analysis
approach for computing annual maximum significant wave heights across several return
periods. The methodology is applied to annual maximum significant wave height records
obtained from offshore buoy stations in the Antilles region of the Caribbean Sea. Results
from the machine learning presets demonstrate a strong relationship between extreme sig-
nificant wave heights and the corresponding wind speed and temperature records, yielding
coefficients of determination (R2) of 0.75 and 0.88 for the validation and testing stages,
respectively. When frequency analysis is conducted using both the traditional approach
and the proposed machine learning–based methodology, high agreement is observed for
return periods between 2 and 20 years, with R2 values ranging from 0.98 to 0.89. For longer
return periods, the agreement decreases, which is consistent with the limited length of
the available wave height records and the supervised nature of the machine learning algo-
rithms. In this sense, the proposed framework provides a robust alternative for estimating
extreme significant wave heights in regions where direct wave observations are unavailable
but meteorological records are accessible.

Keywords: Caribbean Antilles; frequency analysis; machine learning; nonstationary
distribution; return period; significant wave height; stationary distribution

1. Introduction
Significant wave height is a key parameter in coastal and offshore engineering, as it

governs wave loading, overtopping processes, and the performance of both conventional
and ecosystem-based coastal defence systems. Coastal cities and their beaches constitute
environments where the effects of meteorological phenomena are most evident, as well as
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the impacts and influence that climate change may exert on the frequency and intensity of
such events [1]. In most coastal regions, these events lead to flooding, erosion, alterations in
coastal morphology, and degradation of water quality [2]. As a result, infrastructure, local
populations, and ecosystems near coastal zones become increasingly vulnerable, reducing
their capacity to manage associated damage and their resilience and recovery potential [3].

The climate of the Caribbean Sea basin is governed by the Intertropical Convergence
Zone (ITCZ) [4], which is characterised by a low-pressure belt and two primary seasons:
a dry season and a windy season. Non-Stationary Extreme Value Analysis (NEVA) has
demonstrated notable effectiveness in hydraulic engineering by explicitly accounting for
meteorological variability within traditional Extreme Value Analysis (EVA) frameworks [5].
Design parameters, such as the significant design wave height associated with a prescribed
return period, are closely linked to climatic trends [6].

A major challenge in frequency analysis is selecting a probability distribution that
adequately represents the observed data trends [7]. Although numerous probability dis-
tribution functions are available for frequency analysis, only a limited number provide
satisfactory fits [8]. Among the most widely applied distributions for extreme event analysis
are the Generalized Extreme Value (GEV), Gumbel, and Weibull distributions [9].

Several studies have applied non-stationary modelling approaches to the analysis of
significant wave height, if hydrological processes consist of a time-dependent deterministic
component and a stationary stochastic component [10]. Techniques such as Singular
Spectrum Analysis (SSA) and Recurrence Quantification Analysis have been employed to
decompose time series into deterministic and stochastic components [11].

Barlow [12] applied a non-stationary piecewise linear extreme value model to NORA10
hindcast data, which provides a time series of significant wave height, wave direction, and
seasonality. Their study demonstrated the effectiveness of piecewise linear models for non-
stationary extreme-value analysis of storm-peak significant wave heights, incorporating
directional and seasonal covariates in a region of the North Sea.

Extreme significant wave height (Hs) is a primary parameter in coastal and ocean
engineering because it governs wave loading, overtopping, and the performance of coastal
and offshore infrastructure, including nature-based and hybrid defence systems. Accurate
estimation of extreme wave conditions is critical for the design and resilience assessment
of hydraulic structures, coastal protection measures, and ecosystem-based solutions. Ex-
treme value theory provides the statistical framework for estimating rare wave events
beyond observed records, allowing reliable extrapolation to design return periods. Robust
characterisation of extremes is increasingly necessary as climatic and environmental condi-
tions evolve, potentially influencing wave climate patterns and the reliability of stationary
assumptions commonly employed in engineering design.

Methodological advances in extreme wave analysis have highlighted the importance
of accounting for non-stationarity, multi-site variability, and environmental dependencies
in coastal design and hazard assessment [13]. Non-stationary extreme value models,
such as time-dependent Generalized Extreme Value (GEV) and Peaks-Over-Threshold
(POT) approaches, have been increasingly applied to regional wave climates to enhance
the estimation of return values under changing conditions [14], with significant impacts
on design wave heights and infrastructure risk evaluations [15,16]. Likewise, regional
frequency analysis methods allow the incorporation of spatial heterogeneity in wave climate
characteristics by pooling information from homogeneous regions [17], thereby reducing
uncertainty and improving the robustness of extreme wave height quantile estimates across
coastal domains [13]. In addition, recent research has explored machine-learning and
data-driven techniques to validate or complement classical extreme value models, linking
wave extremes with environmental drivers such as wind velocity, sea surface temperature,
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and storm dynamics to improve predictive performance and ensure physical consistency
with observed metocean processes [18]. Artificial neural networks have been employed for
the forecasting of coastal tsunami events [19].

These methodological developments are directly relevant to ecosystem-based and
hybrid coastal defence strategies, which require reliable characterisation of extreme wave
conditions to optimise design, resilience, and multifunctionality of nature-based solutions
alongside engineered structures [20]. By integrating homogeneity and trend analyses with
both statistical and machine-learning techniques, researchers and practitioners can derive
design wave estimates that are statistically robust and physically meaningful for engineer-
ing applications across diverse coastal environments [21]. Such integrated approaches
provide critical foundations for evaluating the performance of coastal infrastructure and
nature-based solutions under extreme events, supporting sustainable and resilient coastal
management in the face of climate variability and change [22].

De Leo [23] proposed a methodology based on annual maxima of significant wave
height and peak period series spanning from 1979 to 2018. Both stationary EVA and
NEVA were conducted using a three-parameter stationary Generalized Extreme Value
(GEV) distribution and a four-parameter non-stationary Generalized Extreme Value (N-
GEV) distribution. The Akaike Information Criterion (AIC) was employed to compare
the GEV and N-GEV models, selecting the distribution with the lowest AIC value as the
best-performing model.

In the insular zone of Latin America [23], changes in significant wave height along
the Cuban coastline between 1950 and 2022 are shown using ERA5 reanalysis data with a
temporal resolution of 6 h and a spatial resolution of 0.5◦ latitude. Their results indicate that
interannual variability in significant wave height predominantly occurs between November
and March, when wave heights exceed 1 m. This variability is attributed to the influence of
extratropical lows and migratory anticyclones affecting the archipelago during this period.
The highest values were observed in the first quarter of the year, particularly in February,
reaching 1.6 m due to increased frequency and intensity of synoptic-scale meteorological
systems. Conversely, the lowest values were recorded in August and September, with wave
heights below 0.8 m, likely resulting from weak pressure gradients associated with the
Azores–Bermuda subtropical anticyclone.

In this study, a methodological framework is proposed to jointly analyse stationary
and non-stationary trends in annual maximum significant wave heights for the Caribbean
Sea basin. Annual maxima were analysed using Gumbel, Generalized Extreme Value (GEV),
and Pearson III, and Log-Pearson III probability distributions. Comparable approaches
have been adopted in precipitation frequency studies [24], where annual maximum 24 h
precipitation series from multiple meteorological stations were analysed using several
probability distributions and evaluated using the Akaike Information Criterion (AIC) and
the Bayesian Information Criterion (BIC) [25].

Additionally, XLSTAT 2026 software was employed to assess the homogeneity of
annual maximum significant wave height series using the Pettitt, Standard Normal Ho-
mogeneity Test (SNHT), Buishand, and Von Neumann tests [26]. These homogeneity tests
have been widely applied in climatological studies, such as that conducted by [24], who
analysed precipitation and temperature data from meteorological stations in Mexico to val-
idate data consistency and identify years exhibiting significant variability through p-value
analysis. Given the variety of approaches proposed by several researchers, their integration
is required to enhance the robustness of analyses aimed at predicting extremely significant
wave height events.

In this context, this study proposes a comprehensive methodology for predicting
annual maximum significant wave heights based on machine learning presets and meteoro-
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logical records of wind speed and temperature. The novelty of this research is particularly
valuable because missing values in significant wave height series can be reliably imputed
using ML models trained on wind speed and temperature data. The proposed framework
integrates homogeneity analysis and trend detection, and derives annual maximum sig-
nificant wave heights from meteorological records modelled using 28 distinct machine
learning (ML) configurations. Finally, the study compares traditional methods for comput-
ing extreme significant wave height values for several return periods with those obtained
using the proposed methodology. This paper is organised as follows: Section 2 presents
the generalisable methodology proposed in this study, which can be applied to different
regions; Section 3 describes the application of the proposed methodology to the Antilles
region of the Caribbean Sea; and Section 4 presents the conclusions of the study.

2. Materials and Methods
2.1. Methodology

The methodology adopted in this study is summarised in Figure 1 and is structured
into three main stages. First, the study area is defined, and wave buoy records are selected.
The variable of interest corresponds to the annual maximum values of significant wave
height, Hs (Stage I). In addition, wind speed and temperature values need to be collected.
In Stage II, a sequence of statistical analyses is conducted to assess data consistency and
temporal behaviour. Initially, homogeneity tests are applied to the annual maximum Hs

series to detect potential change points or inhomogeneities. The proposed methodology is
generalisable and can be applied to different regions.

Figure 1. Flowchart of the methodology adopted in this study for the analysis of extreme significant
wave heights.
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These tests include the Pettitt test, the SNHT, the Buishand range test, and the Von
Neumann ratio test. The Mann–Kendall test is employed to assess the presence and
statistical significance of monotonic trends in the Hs time series. Subsequently, wind speed
records at each station are analysed in relation to the corresponding significant wave heights
to investigate their interdependence and the role of atmospheric forcing employing various
machine learning algorithms. In Stage III, extreme value analysis is conducted to estimate
significant wave heights for multiple return periods using both traditional approaches
and the methodology proposed in this study, in which machine learning techniques are
shown to effectively impute missing Hs values, thereby enabling more reliable estimation
of extreme wave conditions across a range of return periods.

2.1.1. Homogeneity Test

Homogeneity tests were applied to the annual maximum significant wave height (Hs)
series to assess their statistical consistency and to identify potential change points. The
analyses were performed using the XLSTAT software (trial version). The Pettitt test, the
SNHT proposed by Alexandersson [27], the Buishand range test, and the Von Neumann
ratio test were employed to evaluate whether the time series exhibited homogeneous
behaviour over time.

The hypothesis-testing framework considered a null hypothesis (H0) assuming ho-
mogeneity of the series, and an alternative hypothesis (H1) indicating the presence of
inhomogeneities or structural breaks. Decisions regarding acceptance or rejection of the
null hypothesis were based on a predefined significance level, representing the probability
of incorrectly rejecting H0. These tests are particularly suitable for detecting abrupt changes
or shifts in the statistical properties of hydrometeorological time series.

The Pettitt test is a non-parametric rank-based method derived from the Mann–
Whitney test, designed to identify the most probable point in time at which a change
occurs within a series [28]. By analysing the ranks of the observations, the test determines
the location of a potential break without assuming any specific probability distribution.

The SNHT was applied to detect heterogeneities in the form of abrupt changes in the
mean value of the series. An extended version of this test, proposed by Alexandersson and
Moberg (1997) [27], allows for the identification of linear trends in the mean by comparing
the average of the first k observations with that of the remaining n − k observations.

The Buishand test, which has Bayesian foundations, was used to detect shifts in the
mean of the data series by means of cumulative deviations from the average. This test
provides critical values for assessing homogeneity and can be applied regardless of the
underlying probability distribution of the variable.

Finally, the Von Neumann ratio test, a parametric approach, was employed to detect
loss of randomness in the series caused by unspecified deterministic components [29]. This
test is particularly useful for identifying serial dependence or structural irregularities in
hydrometeorological records.

2.1.2. Machine Learning Methodology

A total of 28 machine learning algorithms were evaluated to assess their suitability for
modelling extreme significant wave height (Hs) time series. For each wave buoy station,
wind speed (Vw) was used as the predictor variable and related to the corresponding Hs

values associated with extreme events. In addition, the year and station code were used as
predictors for a general analysis. The selection of predictors was based on data availability
at each station.

The dataset was split into training and test sets, with 90% allocated to training. A
five-fold cross-validation strategy was implemented to ensure robust model performance
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and minimise overfitting. The remaining 10% of the dataset was reserved for independent
testing and model evaluation. The validation scheme adopted in this study is particularly
suitable for relatively small datasets. Prior to partitioning, the dataset was randomly
shuffled to ensure that different wave conditions were adequately represented in the
training, validation, and testing subsets. Since extreme significant wave heights are treated
as random variables rather than as a time series intended for forecasting, preserving the
temporal sequence of observations was not necessary during the data-splitting process.

Table 1 summarises the machine learning models considered in this study, grouped
by methodological category. These include linear regression models, decision tree models,
ensemble tree methods, support vector machines with different kernel functions, Gaussian
process regression models, artificial neural networks with varying architectures, and kernel-
based regression approaches.

Table 1. Machine learning models per category.

Machine Learning Category Preset/Model

Linear Regression Models

Linear
Interactions Linear
Robust Linear
Stepwise Linear
Efficient Linear Least Squares

Decision Tree Models
Fine Tree
Medium Tree
Coarse Tree

Ensemble Tree Methods
Boosted Trees
Bagged Trees

Support Vector Machines (SVM)

Linear SVM
Quadratic SVM
Cubic SVM
Efficient Linear SVM

Gaussian Kernel SVM
Fine Gaussian SVM
Medium Gaussian SVM
Coarse Gaussian SVM

Gaussian Process Regression (GPR)

Squared Exponential GPR
Matern 5/2 GPR
Exponential GPR
Rational Quadratic GPR

Artificial Neural Networks (ANN)

Narrow Neural Network
Medium Neural Network
Wide Neural Network
Bilayered Neural Network
Trilayered Neural Network

Kernel-based Regression Methods SVM Kernel
Least Squares Regression Kernel

All computations were performed using MATLAB R2024b, specifically through the
Regression Learner App. Model performance was assessed using two widely adopted
statistical indicators: the Root Mean Square Error (RMSE) and the coefficient of determina-
tion (R2).
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The RMSE is defined as:

RMSE =

√√√√ 1
N

N

∑
i=1

(Hs,T − Hs,P)
2 (1)

where Hs,T represents the observed (true) values of significant wave height, Hs,P denotes
the predicted values, and N is the total number of observations.

The coefficient of determination (R2) is given by [30]:

R2 = 1 − ∑N
i=1(Hs,T − Hs,P)

2

∑N
i=1

(
Hs,T − Hs,T

)2 (2)

where Hs,T is the mean of the observed Hs values.
These metrics were used to identify the most suitable machine learning models for

reproducing extreme wave heights at each station.
In this research, ensemble tree-based methods achieved the most accurate performance

for the analysed problem [30]. This preset was configured with a minimum leaf size of 8, a
total of 30 learners, and a learning rate of 0.1. Accordingly, the underlying structure of the
algorithms is outlined below. Four adaptive boosting schemes are considered.

• Adaptive boosting for binary classification

This method is a binary algorithm commonly applied in regression-based classification
problems. It computes the weighted classification error as [30]:

εt =
N

∑
n=1

d(t)n I(yn ̸= ht(xn)) (3)

where xn denotes the predictor vector, yn is the true class label, ht represents the prediction
of the t-th weak learner, I(·) is the indicator function, and d(t)n corresponds to the weight
assigned to the n-th observation at iteration t.

• Adaptive boosting for multiclass classification

For problems involving K classes, this algorithm minimises a weighted pseudo-loss,
defined as [30]:

εt =
1
2

N

∑
n=1

∑
k ̸=yn

d(t)n (1 − ht(xn, yn) + ht(xn, k)) (4)

where ht(xn, k) denotes the confidence associated with assigning observation xn to class k.

• Gentle adaptive boosting

This approach integrates characteristics of the two previous algorithms and evaluates
performance using the mean squared error, expressed as [30]:

εt =
N

∑
n=1

d(t)n

(∼
yn − ht(xn)

)2
(5)

where
∼
yn represents the transformed response variable.

• Adaptive logistic regression

This binary classification method focuses on minimising the binomial deviance, which
is given by [30]:

εt =
N

∑
n=1

wnlog(1 + exp (−2yn f (xn))) (6)
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where wn denotes the normalised observation weights and f (xn) corresponds to the pre-
dicted classification score.

2.1.3. Trend Test

The Mann–Kendall test was employed to assess whether the significant wave height
(Hs) time series exhibits a monotonic increasing or decreasing trend. This nonparametric
test is widely used in hydrology and coastal engineering to detect systematic changes in
environmental time series without requiring assumptions about the underlying probability
distribution [31].

For a time series x1, x2, . . . , xn, the Mann–Kendall test statistical S is defined as:

S = ∑n−1
k=1 ∑n

j=k+1 sign
(
xj − xi

)
(7)

where xj represents the observed value in year j and xi corresponds to the value observed
in year i.

The sign function evaluates whether the difference between paired observations
is positive, negative, or zero. The null hypothesis of the Mann–Kendall test assumes
that the data are independent and randomly ordered over time. However, the presence
of positive autocorrelation within the series can increase the probability of detecting a
statistically significant trend when none exists, whereas negative autocorrelation may mask
existing trends. Although this limitation is well recognised, it is often neglected in practical
applications, and only a limited number of studies explicitly account for autocorrelation
effects in trend analysis [32].

2.1.4. Frequency Functions and Statistical Measures

For the stationary extreme-value analysis of the annual-maximum significant wave
height series, three commonly used probability distributions were adopted: the Gumbel,
GEV, Pearson III, and Log-Pearson III distributions. These frequency functions are widely
applied to characterise the probabilistic behaviour of extreme events and to estimate design
wave heights associated with prescribed return periods.

The selected distributions allow the quantification of the probability of extreme Hs

values exceeding those observed in the historical record. Estimation of distribution parame-
ters and computation of exceedance probabilities were performed using the HEC-SSP 2.3.1
software package.

• Gumbel Distribution

The Gumbel distribution is one of the most widely used probability models in extreme
value theory for representing maxima. It has proven particularly effective when the
underlying data are approximately normally or exponentially distributed. The Gumbel
distribution has been extensively applied to the analysis of extreme environmental variables,
including significant wave height, wind speed, rainfall, offshore conditions, and climate-
related extremes [32].

The probability density function (PDF) of the Gumbel distribution is given by:

f (x) =
1
a

exp
[
− x − u

a
− exp

(
− x − u

a

)]
(8)

where a is the scale parameter and u is the location (mode) parameter, which represents the
central tendency of the distribution.

• GEV Distribution
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The GEV distribution constitutes a family of continuous probability distributions
within extreme value theory. It unifies the Gumbel, Fréchet, and Weibull distributions into
a single framework, commonly referred to as Type I, Type II, and Type III extreme value
distributions, respectively. This unification enables greater flexibility in modelling extreme
events by allowing the shape of the distribution tail to vary. The GEV distribution is defined
by three parameters: location (u), scale (a), and shape (k). When the shape parameter k = 0,
the GEV reduces to the Gumbel distribution; when k > 0, it corresponds to the Fréchet
distribution; and when k < 0, it corresponds to the Weibull distribution.

According to the extreme value theorem, the GEV distribution represents the limiting
distribution of properly normalised maxima derived from sequences of independent and
identically distributed random variables. Consequently, it is widely used as an approxima-
tion for modelling the maxima of long, finite time series of environmental data, including
extreme wave heights [33].

The probability density function adopted in this study is expressed as:

f (x) =
1
a

[
1 − k

a
(x − u)

] 1
k −1

exp

{
−
[

1 − k
a
(x − u)

]1/k
}

(9)

where k is the shape parameter.

• Pearson III and Log-Pearson III distributions

These distributions have been used to characterise significant wave heights under
extreme conditions. The probability density function of the Pearson III distribution is
given by:

f (x) =
αλ

Γ(λ)
(x − m)λ−1exp[−α(x − m)] (10)

where α, λ, and m are the parameters of the distribution. Γ corresponds to the gamma
function.

Similarly, the Log-Pearson III distribution is yielded by:

f (x) =
αλ

xΓ(λ)
(ln x − m)λ−1exp[−α(ln x − m)] (11)

• Nonstationary distributions

To account for potential temporal variability and long-term climatic trends in extreme
significant wave heights, non-stationary versions of the aforementioned distributions were
considered. In this framework, selected parameters of the stationary distributions were
allowed to vary as explicit functions of time.

The location parameter was modelled as a linear function of time:

u(t) = γ0 + γ1t (12)

while the scale parameter was expressed as an exponential function of time to ensure
positivity:

a(t) = exp(γ0 + γ1t) (13)

where t denotes time, and γ0 and γ1 are constant coefficients estimated from the data. In
this study, the shape parameter was assumed to remain constant throughout the analysis, a
common assumption in non-stationary extreme value modelling when data availability is
limited, and vice versa for the location parameter.

The non-stationary extreme value analysis of the annual maximum significant wave
height series was carried out using the R programming environment, which offers com-
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prehensive tools for statistical modelling and extreme value analysis. Specifically, the
nsextremes package was employed to estimate time-varying parameters and to evaluate
non-stationary probability distributions [34].

2.1.5. Goodness-of-Fit Tests and Parameter Estimation Methods

Model selection was conducted using the Akaike Information Criterion (AIC), imple-
mented within the R environment for comparing stationary and non-stationary functions.
The AIC facilitates an objective comparison among competing frequency distributions by
balancing goodness of fit against model complexity through penalisation of the number of
estimated parameters. Consequently, distributions with lower AIC values are considered
to provide a better representation of the observed data. This test is modelled as follows:

AIC = 2k − 2ln(L) (14)

where k = number of estimated parameters in the model and L = maximum value of the
likelihood function of the model.

For stationary distributions, the parameters were estimated using the L-moments
method, as it has been shown to perform reliably in the analysis of rare extreme events.
The method is defined by the following expressions:

λ̂1 = β̂0 (15)

λ̂2 = 2β̂1 − β̂0 (16)

λ̂3 = 6β̂2 − 6β̂1 − β̂0 (17)

λ̂4 = 20β̂3 − 30β̂2 − 12β̂1 − β̂0 (18)

where λ̂L correspond to L-moments and β̂0 is the observed Hs.
After that, the Kolmogorov–Smirnov and the Anderson–Darling tests were performed

to select the best stationary distribution. The analysis was conducted using the software
HEC-SPP version 2.3.1 developed by the U.S. Army Corps of Engineers.

2.2. Study Area and Data

The Antilles constitute an extensive archipelago in the Caribbean region, forming a
natural boundary between the Caribbean Sea and the Atlantic Ocean. The archipelago
extends from areas near the southern tip of the Florida Peninsula (USA) and the Yucatán
Peninsula (Mexico) to the northern coast of South America, particularly Venezuela. Owing
to their location, the Antilles are exposed to a wide range of metoceanographic conditions
influenced by trade winds, tropical storms, and large-scale atmospheric circulation.

For this study, eight wave buoys located in the Caribbean Sea and the adjacent Atlantic
Ocean around the Antilles were selected (Figure 2). These buoys provide long-term records
suitable for analysing extreme wave conditions. The analysis focuses on the annual maximum
significant wave height (Hs) series, which were examined using both stationary and non-
stationary frequency distribution functions. This approach enables the assessment of wave
climate variability and the estimation of design wave heights for different return periods.

Data for this study were obtained from the National Oceanic and Atmospheric Admin-
istration (NOAA). NOAA is the United States federal agency responsible for meteorological
and oceanographic observations, forecasting, and long-term environmental records, and it
plays a key role in supporting international initiatives related to oceanography, fisheries,
climate, space, and atmospheric sciences. Table 2 lists the wave buoy stations selected for
this research. The available records for these stations range from 2005 to 2009 and extend to
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the present. Accordingly, a common study period spanning from 2005 to 2023 was adopted
for the analysis of annual maximum significant wave heights.

Figure 2. Location of buoys.

Table 2. Geographic location of buoys.

No Station Name Code
Location Coordinates Year of Buoy

InstallationLatitude Longitude

1 Northern Equatorial—470 NM east of Martinique 41040 14◦32′9′′ N 53◦8′11′′ W 2005

2 Northern Equatorial Two—890 NM east
of Martinique 41041 14◦27′12′′ N 46◦19′36′′ W 2005

3 NE Puerto Rico—170 NM NNE of San Juan, PR 41043 21◦1′33′′ N 64◦47′36′′ W 2007

4 NE Saint Martin—330 NM NE of Saint
Martin Island 41044 21◦34′57′′ N 58◦37′48′′ W 2009

5 East Bahamas—335 NM east of San Salvador
Island, Bahamas 41046 23◦49′18′′ N 68◦23′36′′ W 2007

6 Central Caribbean—210 NM SSE of
Kingston, Jamaica 42058 14◦31′31′′ N 75◦8′25′′ W 2005

7 Eastern Caribbean Sea—180 NM SSW of Ponce 42059 15◦18′0′′ N 67◦28′58′′ W 2007

8 Caribbean Valley—63 NM WSW of Montserrat 42060 16◦26′2′′ N 63◦19′43′′ W 2009
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3. Results and Discussion
3.1. Statistical Analysis and Homogeneity Test

This section presents the statistical characterisation and homogeneity assessment
of the significant wave height (Hs) series in the Antilles region of the Caribbean Sea.
Table 3 summarises the descriptive statistical parameters derived from the original annual
maximum Hs series provided by NOAA.

Table 3. Statistical parameters of the significant wave height annual maximum series.

Station Name Code Mean
(cm)

Standard
Deviation (cm)

Coefficient of
Variation (cm)

Northern Equatorial 41040 479.42 111.93 4.28
Northern Equatorial Two 41041 524.94 165.18 3.18
NE Puerto Rico 41043 592.41 233.94 2.53
NE Saint Martin 41044 725.67 258.22 2.81
East Bahamas 41046 672.00 262.85 2.56
Central Caribbean 42058 484.71 165.42 2.93
Eastern Caribbean Sea 42059 478.24 211.54 2.26
Caribbean Valley 42060 366.64 172.02 2.13

The results indicate a clear spatial variability in wave conditions across the study
area. Stations in the northern sector of the region generally record higher mean significant
wave heights, which can be attributed to greater exposure to Atlantic swells and stronger
wind forcing. In particular, the NE Saint Martin (41044), East Bahamas (41046), and NE
Puerto Rico (41043) stations exhibit the highest mean values. This spatial pattern suggests
an increase in extreme wave heights towards the northern part of the Caribbean–Atlantic
transition zone. In contrast, the lowest mean significant wave height was observed at the
Caribbean Valley station (42060), located near the Lesser Antilles west of Montserrat and
Guadeloupe, where wave conditions are comparatively more sheltered.

To assess the consistency and reliability of the Hs time series, homogeneity tests were
applied using the XLSTAT software. These tests included the Pettitt test, the Standard
Normal Homogeneity Test (SNHT), the Buishand range test, and the Von Neumann ratio
test, to identify potential change points or structural inhomogeneities in the data.

The results of the homogeneity tests are presented in Table 4. The Northern Equatorial
Two (41041), Central Caribbean (42058), and Eastern Caribbean Sea (42059) stations exhibit
comparable behaviour, with relatively high p-values in the Pettitt and Buishand tests (rang-
ing approximately between 0.95 and 0.55), suggesting no strong evidence against the null
hypothesis of homogeneity. In contrast, the SNHT and Von Neumann tests yielded lower
p-values for these stations (between 0.62 and 0.11), indicating greater sensitivity to subtle
changes in the series. Notably, the latter two stations are located in the central Caribbean
basin, offshore Colombia and Venezuela, respectively, where regional atmospheric and
oceanographic processes may influence wave variability.

Similarly, the NE Puerto Rico (41043), East Bahamas (41046), and Caribbean Valley
(42060) stations show comparable trends across the applied tests. For the East Bahamas and
Caribbean Valley stations, the Pettitt test yielded a relatively low p-value (approximately 0.18),
whereas the SNHT, Buishand, and Von Neumann tests yielded more consistent, higher values.
Among these stations, East Bahamas exhibited the highest p-values, ranging from 0.98 to 0.88,
followed by NE Puerto Rico, with values ranging from 0.93 to 0.72. The Caribbean Valley
station presented slightly lower but still comparable values, ranging from 0.63 to 0.57.

In this analysis, the significance level (β) represents the probability of rejecting the null
hypothesis of homogeneity. A threshold value of 5% was adopted, corresponding to the
commonly used confidence level in hydrometeorological studies.
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Table 4. Results of homogeneity tests for all wave buoy stations.

Station Name
Test

Pettitt SNHT Buishand Von Neumann

Northern Equatorial 0.739 0.448 0.472 0.645
Northern Equatorial Two 0.804 0.529 0.775 0.346
NE Puerto Rico 0.703 0.936 0.872 0.722
NE Saint Martin 0.182 0.043 0.059 0.020
East Bahamas 0.184 0.983 0.983 0.889
Central Caribbean 0.947 0.617 0.919 0.339
Eastern Caribbean Sea 0.611 0.110 0.547 0.291
Caribbean Valley 0.261 0.639 0.616 0.572

The NE Saint Martin station (41044) exhibited the most atypical behaviour among
the analysed series. This station recorded the lowest p-values across all applied tests,
ranging from 0.18 to 0.02, and showed clear indications of inhomogeneity according to the
SNHT and Von Neumann criteria. These results suggest a higher probability of structural
changes or regime shifts within the time series, which may be associated with localised
meteorological influences, data inconsistencies, or changes in measurement conditions.
Consequently, this station warrants particular attention in subsequent trend and extreme
value analyses.

Figures 3 and 4 illustrate the behaviour of the significant wave height time series and
the outcomes of the homogeneity tests for two contrasting stations in the Caribbean basin:
Caribbean Valley (42060) and NE Saint Martin (41044).

Figure 3 shows the annual evolution of significant wave heights for the Caribbean
Valley station (42060). The time series exhibits moderate interannual variability, with
values generally oscillating around the mean and no persistent upward or downward
trend. Although isolated peaks are observed, they do not appear to persist over time. This
relatively stable behaviour is consistent with the homogeneity test results, which yield
values ranging from 0.261 to 0.639. As these values exceed the 5% significance level, the null
hypothesis of homogeneity cannot be rejected, indicating that the series does not exhibit
statistically significant change points.

The corresponding homogeneity test bars in Figure 3 further support this interpreta-
tion. While the Pettitt test yields a lower value compared to the other tests, it remains above
the critical threshold. The SNHT, Buishand, and Von Neumann tests yield moderate to
high p-values, reinforcing the conclusion that the Caribbean Valley series is homogeneous
over the analysed period.

In contrast, Figure 4 highlights markedly different behaviour at the NE Saint Martin
station (41044). The time series displays pronounced variability, characterised by sharp
fluctuations and abrupt changes from one year to the next. Such behaviour suggests the pos-
sible presence of structural changes in the data, which may be associated with extreme wave
events, local exposure to Atlantic swell systems, or changes in measurement conditions.

This visual evidence is corroborated by the homogeneity test results presented in
Figure 4. The SNHT and Von Neumann tests yield p-values below the 5% significance level,
indicating non-homogeneity and suggesting a change point in the series. Furthermore,
the Pettitt and Buishand tests return values of 0.182 and 0.059, respectively, which are the
lowest among all the analysed stations. These results confirm that the NE Saint Martin
series exhibits the strongest deviation from homogeneity.

The analysis of Figures 3 and 4 demonstrates a clear contrast between the central
Caribbean station (42060), which exhibits stable, homogeneous behaviour, and the northern
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Caribbean station (41044), which shows significant non-homogeneity. The red and green
dashed lines indicate the upper and lower thresholds, respectively.

Figure 3. SNHT homogeneity test results over the study period for: (a) the Caribbean Valley station
(42060); and (b) the NE Saint Martin station (41044).

Figure 4. Probability (p-value) results of the Pettitt, SNHT, Buishand, and Von Neumann homogeneity
tests for: (a) the Caribbean Valley station (42060); and (b) the NE Saint Martin station (41044).

3.2. Trend Test Results

The trend analysis was carried out using the XLSTAT 2026 software, applying the non-
parametric Mann–Kendall test. Table 5 summarises the results obtained for all analysed
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stations. According to the Mann–Kendall criterion, none of the time series exhibits a
statistically significant trend. Consequently, all stations are classified as showing no trend
(NT), indicating the absence of a consistent monotonic increase or decrease in the annual
maximum significant wave height (Hs) over the study period. These results suggest that,
to date, the analysed records have remained statistically stationary in their long-term
temporal behaviour.

Table 5. Results of the Mann–Kendall trend test for annual maximum significant wave height (Hs).

Station Name Trend Classification p-Value

Northern Equatorial NT 1.00
Northern Equatorial Two NT 0.753
NE Puerto Rico NT 0.41
NE Saint Martin NT 0.276
East Bahamas NT 0.773
Central Caribbean NT 0.519
Eastern Caribbean Sea NT 0.484
Caribbean Valley NT 0.113

Note: NT = no statistically significant trend detected at the 5% significance level.

The application of the Mann–Kendall test therefore confirms that the annual maxi-
mum Hs series do not display significant temporal trends, supporting the assumption of
stationarity adopted in the subsequent frequency analyses.

Although the non-stationary analysis was not found to be fully suitable for the stations
analysed in the Antilles Sea region, the Akaike Information Criterion (AIC) values were
nonetheless computed for both Gumbel and Generalised Extreme Value (GEV) distributions,
allowing for time-varying parameters. Successful model fitting was achieved for only
three time series—East Bahamas, NE Saint Martin, and Northern Equatorial Martinique—
whereas numerical convergence issues or data processing errors were encountered for the
remaining stations.

The results of the AIC-based model comparison are summarised in Table 6. For the
East Bahamas station (41046), the non-stationary GEV model with a time-varying scale
parameter provided the best fit, yielding the lowest AIC value (224.79). In contrast, for
the NE Saint Martin station (41044), the stationary Gumbel distribution yielded the lowest
AIC (212.11), indicating no improvement when incorporating non-stationarity. A similar
behaviour was observed for the Northern Equatorial Martinique station, where stationary
models outperformed their non-stationary counterparts.

Table 6. Akaike Information Criterion (AIC) values for stationary and non-stationary Gumbel and
GEV distributions.

Probability
Distribution

Function
AIC Test

East Bahamas Saint Martin Martinica

Gumbel Stationary 230.8 212.1 209.5

Gumbel with u(t) Nonstationary 232.8 213.2 211.5

Gumbel with a(t) Nonstationary 232.5 212.5 211.4

GEV Stationary 225.9 212.6 211.5

GEV with u(t) Nonstationary 225.8 214.6 213.5

GEV with a(t) Nonstationary 224.8 212.6 213.4
Note: The grey cells represent the best model.
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These results further support the Mann–Kendall trend analysis, confirming that the
annual maximum significant wave height series at the analysed stations predominantly
exhibit stationary behaviour over the study period.

3.3. Machine Learning Results

This section presents the obtention of a ML model capable of simulating extreme
annual events of significant wave height (Hs), based on the corresponding wind speed
(Vw), temperature, station code, and the year of the occurrence of the value of Hs. Figure 5
presents the time series for the Puerto Rico station, where a clear correspondence between
peaks and troughs in both variables is evident, indicating a strong physical linkage between
extreme wave generation and wind forcing.

Figure 5. Temporal comparison of annual maximum significant wave height (Hs), wind speed (Vw),
and temperature (T) at the Puerto Rico station, highlighting the correspondence between extreme
wave and wind events.

The highest joint extreme event occurred in 2017, when Hs reached 13.42 m and Vw

peaked at 30.9 m/s, reflecting the influence of intense atmospheric conditions on wave
development. Conversely, the lowest values were recorded in 2015, with Hs and Vw de-
creasing to 3.87 m and 1.7 m/s, respectively. This coherent behaviour across the time series
supports the suitability of wind velocity as a predictor variable for extreme wave heights
in the study region. For the same record, the air temperature remains relatively stable over
the analysed period, oscillating within a narrow range of approximately 11–14 ◦C, and
shows no significant correlation with Hs.

To extend this assessment to all annual maximum significant wave height series, a suite
of 28 machine-learning (ML) models was implemented using wind speed, temperature,
station code and the year as the input variables. A dataset of 130 values was employed
for the analysis. The performance metrics for the validation (V) and testing (T) stages are
summarised in Table 7.
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Among the evaluated models, the Bagged Trees preset yielded the most consistent and
robust performance, achieving RMSE values of 1.15 m (validation) and 0.78 m (testing), and
coefficients of determination (R2) of 0.75 and 0.88 for validation and testing, respectively.
These results indicate a strong predictive capability and limited overfitting, confirming
the suitability of ensemble-based tree methods for capturing the non-linear relationship
between the response Hs and the predictors (Vw, T, station code, and the year of occurrence).

Comparable performance was achieved with Boosted Trees, Fine Trees, and several
linear models, all of which exhibited high R2 values. The ML analysis confirms that several
data-driven approaches can produce reliable estimates of annual maximum significant
wave heights solely from the selected predictors.

Table 7. Performance metrics of the machine-learning models used to predict the annual maximum
significant wave height.

Preset RMSE
(V)

R2

(V)
RMSE
(T)

R2

(T)

Linear 1.22 0.72 0.85 0.86
Interactions Linear 1.24 0.71 0.93 0.83
Robust Linear 1.25 0.71 0.87 0.85
Stepwise Linear 1.20 0.73 0.96 0.82
Fine Tree 1.21 0.73 1.25 0.69
Medium Tree 1.31 0.68 1.06 0.78
Coarse Tree 1.99 0.25 1.35 0.64
Linear SVM 1.30 0.68 0.89 0.84
Quadratic SVM 1.33 0.66 0.94 0.83
Cubic SVM 1.61 0.51 0.94 0.83
Fine Gaussian SVM 2.13 0.14 2.00 0.21
Medium Gaussian SVM 1.32 0.67 1.08 0.77
Coarse Gaussian SVM 1.45 0.61 1.25 0.69
Efficient Linear Least Squares 2.30 0.00 2.25 0.00
Efficient Linear SVM 2.37 −0.06 2.33 −0.07
Boosted Trees 1.21 0.72 0.82 0.87
Bagged Trees 1.15 0.75 0.78 0.88
Squared Exponential GPR 1.27 0.69 0.89 0.84
Matern 5/2 GPR 1.28 0.69 0.89 0.84
Exponential GPR 1.27 0.70 0.88 0.85
Rational Quadratic GPR 1.27 0.69 0.89 0.84
Narrow NN 1.43 0.61 1.04 0.79
Medium NN 2.64 −0.31 1.71 0.42
Wide Neural Network 2.98 −0.67 2.93 −0.70
Bilayered NN 1.74 0.43 2.32 −0.06
Trilayered NN 3.23 −0.96 2.62 −0.35
SVM Kernel 1.47 0.59 1.17 0.73
Least Squares Regression Kernel 1.38 0.64 1.03 0.79

Note: V = validation stage, T = testing stage, and NN = Neural Network. The grey cells represent the best model.

Figure 6 illustrates the performance of the Bagged Trees model during the validation
and testing stages by comparing predicted and observed significant wave height (Hs)
values. Although some dispersion is observed for higher Hs values—particularly during
the validation stage—the overall trend demonstrates that the Bagged Trees preset provides
a suitable model for making predictions of extreme events of Hs.
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Figure 6. Comparison of Hs values between predicted and true values using the Bagged Trees
algorithm: (a) validation stage; and (b) testing stage.

Figure 7 presents the SHAP values obtained with the selected ML preset, offering
insight into the relative importance of the four predictors in predicting significant wave
height. The SHAP analysis reveals a strong and consistent contribution of Vw to the model
output, with higher wind velocities systematically associated with increased Hs values.
This result not only confirms the physical consistency of the machine-learning model but
also enhances its interpretability by explicitly quantifying the influence of wind forcing on
wave extremes. Consequently, the SHAP results support the suitability of the Bagged Trees
model. The remaining predictors (station code, T, and the year of occurrence) presented
low SHAP values.

Figure 7. SHAP values for the adjustment of Hs.

To ensure that the generated significant wave height values preserve the statistical
characteristics of the original extreme-value distribution, the absolute error was computed
for the entire dataset at each station. The minimum and maximum values of the average
absolute error and standard deviation are summarised in Table 8. The results confirm that
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the errors are in an appropriate range, indicating that the generated values successfully
reproduce the statistical properties of the original significant wave height series.

Table 8. Comparison of absolute error between ML model and recorded values.

Reference Average Absolute Error (m) Standard Deviation (m)

Minimum 0.01 0.01
Maximum 0.53 0.87

3.4. Frequency Analysis Using Traditional and ML Methods

This section presents the frequency analysis of significant wave height values per-
formed using both the traditional approach and the methodology proposed in this study.

Once the optimal machine learning (ML) configuration was identified, namely the
Bagged Trees model, annual maximum significant wave height (Hs) values were assessed
using this approach. The trained model was exported to Simulink and employed to generate
additional Hs data based on wind speed, air temperature, year, and station code. Figure 8
illustrates the Bagged Trees model implemented within the Simulink environment.

Figure 8. Bagged trees algorithm exported to Simulink.

Given the absence of statistically significant trends at all analysed stations, the extreme
values of the Hs series were modelled under the assumption of stationarity. The Gumbel,
Generalized Extreme Value (GEV), Pearson Type III, and Log-Pearson Type III distributions
were considered, as they are commonly used to characterise the stochastic behaviour
of extreme hydrometeorological variables and to estimate the probability of rare events
exceeding the observed range.

To identify the probability distribution that best represents the Hs series recorded at
the selected offshore buoys in the Caribbean Sea and adjacent regions, the Kolmogorov–
Smirnov (KS) and Anderson–Darling (AD) goodness-of-fit tests were applied. The results
of these tests are summarised in Table 9. In grey, the best probability distributions are
highlighted. The GEV distribution consistently exhibits the lowest Kolmogorov–Smirnov
(KS) and Anderson–Darling (AD) statistics when applied to observed significant wave
height (Hs) records using the traditional methodology, indicating superior overall perfor-
mance. Similarly, under the proposed machine learning (ML)-based methodology, the
GEV distribution provides the best fit for stations 41040, 41043, 42058, and 42060. In con-
trast, the Pearson Type III distribution yields the best results for stations 41041 and 41044,
while the Log-Pearson Type III distribution achieves the best performance for stations
41046 and 42059. In many cases, these distributions either failed to converge or produced
non-applicable (NaN) results, particularly when fitted to the traditional datasets. A com-
parison between the traditional and ML-derived Hs series indicates that the goodness-of-fit
statistics remain broadly consistent across both approaches.
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Table 9. Goodness-of-fit results for stationary probability distributions.

Distribution

Test

Kolmogorov–
Smirnov Anderson–Darling Kolmogorov–

Smirnov Anderson–Darling

Traditional ML

Station code: 41040
Generalized Extreme Value 0.095 0.221 0.115 0.17
Pearson III NaN NaN 0.213
Log-Pearson III NaN NaN NaN NaN
Gumbel 0.178 0.798 0.264 1.998

Station code: 41041
Generalized Extreme Value 0.112 0.261 0.294 0.982
Pearson III NaN NaN 0.222
Log-Pearson III 0.116 0.255 NaN NaN
Gumbel 0.125 0.28 0.373 1.661

Station code: 41043
Generalized Extreme Value 0.144 0.217 0.129 0.301
Pearson III NaN NaN NaN NaN
Log-Pearson III NaN NaN NaN NaN
Gumbel 0.207 0.864 0.19 0.957

Station code: 41044
Generalized Extreme Value 0.174 0.422 0.257 1.321
Pearson III NaN NaN 0.229 1.12
Log-Pearson III NaN NaN NaN NaN
Gumbel 0.182 0.481 0.265 1.369

Station code: 41046
Generalized Extreme Value 0.098 0.244 0.200 0.739
Pearson III NaN NaN NaN NaN
Log-Pearson III NaN NaN 0.164 0.207
Gumbel 0.181 0.771 0.258 1.319

Station code: 42058
Generalized Extreme Value 0.145 0.356 0.146 0.374
Pearson III NaN NaN 0.281
Log-Pearson III 0.183 0.184 0.227
Gumbel 0.225 1.164 0.319 2.097

Station code: 42059
Generalized Extreme Value 0.089 0.174 0.138 0.455
Pearson III 0.134 0.069 0.213 1.228
Log-Pearson III NaN NaN 0.130 0.347
Gumbel 0.147 0.429 0.140 0.386

Station code: 42060
Generalized Extreme Value 0.178 1.22 0.192 0.391
Pearson III NaN NaN NaN NaN
Log-Pearson III 0.193 0.296 0.240 0.470
Gumbel 0.252 1.174 0.289 1.591

Note: The grey cells represent the best model.
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Considering the best-fitting probability distribution identified in Table 8, the frequency
analysis was conducted using HEC-SPP version 2.3.1. Figure 9 compares the frequency
analysis of annual maximum significant wave height (Hs) at station 41041 obtained using
(a) the traditional methodology based on observed data (Figure 9a,b) and (b) the proposed
machine learning (ML)-based approach (Figure 9b). For a 2-year return period, Hs values of
4.80 m and 4.87 m are obtained using the traditional and ML-based approaches, respectively.
As the return period increases, the ML-based methodology tends to yield higher extreme
Hs estimates at this station, particularly for longer return periods.

Figure 9. Frequency analysis for the station 41041 using: (a) the traditional methodology; and (b) the
ML approach.

Figure 10 compares the significant wave height (Hs) values obtained using the tra-
ditional frequency analysis and the proposed machine learning (ML)-based approach for
different return periods. The black line represents perfect agreement. Figure 10a,b, cor-
responding to return periods of 2 and 5 years, show excellent agreement between the
two Hs estimates, indicating that the ML-based methodology accurately reproduces the
traditional results for frequent events. For intermediate return periods of 10 and 20 years
(Figure 10c,d), the agreement remains strong, although a moderate dispersion between
the two approaches becomes apparent. For longer return periods of 50 and 100 years
(Figure 10e,f), the differences between the methodologies are more pronounced.

These results are particularly relevant because the ML-based methodology can be
reliably applied for low and intermediate return periods using only wind speed, air temper-
ature, year, and station code as input variables. This capability is of paramount importance
in situations where measured Hs data are unavailable or incomplete, as it enables the
estimation of extreme wave conditions while preserving physical consistency with atmo-
spheric forcing.

https://doi.org/10.3390/make8070200

https://doi.org/10.3390/make8070200


Mach. Learn. Knowl. Extr. 2026, 8, 200 22 of 27

Figure 10. Comparison of Hs values between traditional and ML approaches for a return period of:
(a) 2 years; (b) 5 years; (c) 10 years; (d) 20 years; (e) 50 years; and (f) 100 years.

Finally, to evaluate the level of agreement achieved using the machine learning (ML)-
based approach, the coefficient of determination (R2) was computed, as shown in Figure 11.
Consistent with the results presented in Figure 10, very high R2 values are obtained for
low return periods (2–5 years), with R2 ≈ 0.98, indicating excellent agreement between
significant wave heights (Hs) estimated using the traditional and ML-based methodologies.
For intermediate return periods of 10 and 20 years, the R2 values decrease to 0.95 and 0.89,
respectively, but still reflect a good level of fit.

In contrast, for longer return periods of 50 and 100 years, the differences between the
two approaches become more pronounced, with R2 values of 0.74 and 0.58, respectively.
The observed reduction in R2 with increasing return period is expected, as ML models are
primarily trained on observed data and become increasingly sensitive when extrapolated
to rare extreme events.
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Figure 11. Computation of R2 between the traditional ML results for several return periods.

3.5. Discussion

The methodology developed in this research is of significant importance, as it allows
the estimation of maximum significant wave height for a given year based on a previously
developed surrogate model. By considering the spatial location of a site and time-varying
wind speed measurements, the proposed framework enables forecasting analyses relevant
to coastal engineering applications.

The machine learning models were trained, validated, and tested across a represen-
tative range of observed conditions. In this context, the uncertainty associated with the
relatively limited length of the dataset for each analysed station (approximately 18 years of
observations) may be reduced in future applications by incorporating stations with longer
and more complete records. Under these conditions, the estimation of extreme events for
different return periods becomes comparable with traditional statistical approaches.

One of the main advantages of the proposed methodology is its capability to serve as
a practical and rapid decision-support tool, reducing the computational burden associated
with complex hydrodynamic models. This feature makes it particularly suitable for oper-
ational applications where fast assessments are required. The obtained information can
be applied in various fields, such as navigation safety, coastal hazard assessment, and the
design of coastal infrastructure.

Although the extreme significant wave height series analysed in this study exhibited
stationary behavior, it remains essential for engineers and designers to also consider
non-stationary trends in order to account for the potential impacts of climate change in
other regions of the world. One of the limitations of the proposed methodology is that
predictions associated with very rare events should be interpreted cautiously when used
for the engineering evaluation and design of coastal engineering projects.

It is important to emphasise the computational efficiency of the selected machine learn-
ing model (Bagged Tree), which required only 7.6 s for prediction, thereby demonstrating
its suitability as a rapid and practical tool for predictive applications. Figure 12 shows the
prediction time for all ML models employed in this research.
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Figure 12. Training times of ML models.

4. Conclusions
This research proposes a comprehensive and evidence-based methodological frame-

work for the estimation of extreme significant wave heights associated with different return
periods using machine learning presets, with wind speed and air temperature records
employed as predictor variables. The methodology incorporates a preliminary diagnos-
tic analysis aimed at ensuring both statistical consistency and physical coherence of the
input data.

The proposed framework can be applied in regions where significant wave height
(Hs) records are incomplete or unavailable, provided that wind speed and air temperature
data are available. The Hs values estimated for various return periods using the proposed
approach were compared with those obtained through traditional extreme value analysis
within a case study of the Antilles region in the Caribbean Sea.

The results indicate that the proposed methodology yields comparable estimates to the
traditional approach for short return periods ranging from 2 to 5 years. For intermediate
return periods between 10 and 20 years, the comparison also shows good agreement.
Larger discrepancies were observed for longer return periods, particularly between 50
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and 100 years. These results are consistent with the limited length of the available Hs

records, which span approximately 18 years, and with the inherent characteristics of
supervised machine learning methods, whose performance is constrained by the range and
representativeness of the training data.
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Abbreviations
The following abbreviations are used in this manuscript:

a Scale parameter
f (x) Probability density function
Hs Significant wave height
k Corresponds to the shape parameter
N/n Number of observations
P Refers to a predicted value (-)
p p-value
S Mann–Kendall test statistic
T Refers to a true value (-)
t Time
u Corresponds to the location or mode parameter
x Observed value
β Significance level
χ2 Chi-Square test
γ Coefficient for considering nonstationary values.
AIC Akaike Information Criterion
EVA Extreme Value Analysis
GEV Generalized Extreme Value
GPR Gaussian Process Regression
ML Machine Learning
NEVA Non-Stationary Extreme Value Analysis
NN Neural Network
SNHT Standard Normal Homogeneity Test
SSA Singular Spectrum Analysis
SVM Support Vector Machines
RMSE Root Mean Squared Error
R2 Coefficient of determination
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