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ABSTRACT ARTICLE HISTORY
Background: Wave overtopping threatens coastal safety and is expected to worsen with Received 8 January 2025
sea-level rise and stronger storms. Existing Weibull-based predictors require irregular sea Accepted 13 June 2025
states and offer limited insight for flume studies. This work seeks an interpretable,
data-driven alternative to estimate maximum overtopping volumes under extreme-
event conditions.
Methods: A database of 316 tests from a 1:50-scale wave flume was analysed. Focused
wave groups derived from NewWave theory replaced irregular spectra to target large
overtopping events on shallow-water dikes with emergent toes. Hydraulic and structural
inputs (wave heightH, wave period T, crest freeboard Rc, local water depth h, and
slope tan a) fed an Evolutionary Polynomial Regression algorithm with multi-objective
genetic optimisation (EPR-MOGA) to identify compact predictive expressions.
Results: the EPR models achieve coefficients of determination (CoD) up to 89.7% with
simple expressions involving three to five key variables. Results show that wave period,
wave height, structural freeboard, and local water depth at the dike toe are key factors
influencing overtopping volumes. The group Tn_10/R. alone accounts for 44.5% of
variance in overtopping volumes, while the influence of focus phase, wave asymmetry
and skewness is negligible. The model’s accuracy improves slightly when including the
focus location, while other factors like focus phase, wave asymmetry, and wave skewness
are less significant.
Conclusion: EPR-based polynomial models provide accurate, transparent predictions
of maximum overtopping volumes for experimental configurations where probabilistic
Weibull methods are unsuitable. By relying on focused wave groups and a small set of
readily measured variables, the approach offers a practical tool for design and risk
assessment of shallow-water coastal dikes under extreme events.
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HIGHLIGHTS

Evaluating coastal safety using individual wave overtopping volumes: insights from Evolutionary
Polynomial Regression Corrado Altomare, Luigi Berardi, Simone Ripani, Xavier Gironella

EPR models achieve up to 89.7% CoD in predicting overtopping volumes.

Focused wave groups replace random seas to improve repeatability and study extremes.
Simple expressions use <5 variables and 2 terms with >86% accuracy.

Tm—1,0/Rc alone explains 44.5% of overtopping volume variance.

Variables ¢, As, and Sk have negligible impact on model output.

1. Introduction

The accurate assessment of wave overtopping volumes is a necessary aspect in the design of coastal defences,
particularly in the context of increasing flood risks driven by climate change. Coastal urban zones, especially
low-lying and highly populated areas, are facing heightened vulnerability due to rising sea levels and
increasing storm intensity, as evidenced by recent extreme events like Storm Gloria in January 2020
(Amores et al. 2020) and Storm Ciardn in November 2023. These episodes highlight the importance of
quantifying wave overtopping not just in terms of mean discharge, but also in relation to the large
overtopping volumes associated with individual sea storm. Criteria based on average flow rates are still
used as a design criterion for any coastal structure. Notwithstanding it, there is ongoing debate about
whether these adequately represent the real hazard posed by wave overtopping. Studies Endoh and
Takahashi 1995, as well as, more recently, Sandoval and Bruce 2017, detail the limitations of using
a single average value to characterise the risks. Instead, individual overtopping events may present distinct
hazards, such as sweeping pedestrians off their feet or necessitating specific evacuation measures. Accurate
predictions of these overtopping volumes are essential for designing effective coastal defences, as empha-
sised by researchers like Hughes and Thornton (2016) and Whittaker et al. (2016).

Recent studies, such as Dong et al. (2021, 2024), although specifically focussed on recurve walls and
vertical structures, emphasise the role of geometrical parameters in wave overtopping. At the same time,
broader reviews of coastal protection strategies underscore the potential of hybrid sea defences to integrate
natural and engineered components, although there is a lack of robust data linking wave-structure
interaction to overtopping behaviour (Xu et al. 2025). Machine learning methods, including Gaussian
Process surrogate modelling, have also been applied successfully to overtopping prediction, offering
improved accuracy and insight into variable importance across varied structure types (Kent et al. 2024).
Despite these advancements, many of the existing models rely on empirical approaches tailored to irregular
sea states and often exclude the dynamics of focused wave interactions that can lead to extreme individual
events.

This study contributes to bridging this gap by using focused wave groups in a controlled flume
environment to isolate and predict large overtopping volumes associated with extreme storm waves. By
applying an Evolutionary Polynomial Regression (EPR-MOGA) framework, we aim to develop interpre-
table and accurate expressions for individual overtopping events, independent of Weibull assumptions and
generalised empirical formulas.

In this context, the present study aims to offer simple but accurate predictive models for the character-
isation of overtopping volumes associated with large wave groups within a random sea state. To achieve this,
the Evolutionary Polynomial Regression (EPR) algorithm is employed (Giustolisi and Savic 2006). EPR is
a data-mining tool that combines numerical and symbolic regression, enabling the formulation of a robust
model for wave overtopping prediction. Data-modelling techniques are part of the digital transition process
in the water sector, which is gaining importance due to the increasing availability of large amount of data
available from advanced and distributed sensors at both laboratory and real scale. EPR allows exploring the
physical insight of complex phenomena through the use of genetic algorithms combined with linear
regressions. It offers a transparent and structured approach that retains the advantages of symbolic
regression while eliminating computational inefficiencies. EPR creates simple but effective (generalisable)
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models and for this reason it is applied in many fields of engineering and not only, looking at the accuracy
but also the parsimony of the model. In this specific case, in the field of coastal engineering, it is applied to
predict wave overtopping discharge.

This study aims to develop predictive models that are simple, interpretable, and accurate for estimating
individual wave overtopping volumes generated by focused wave groups. The specific objectives are: (i) to
identify the key hydraulic and structural parameters that govern overtopping under extreme conditions; (ii)
to formulate transparent polynomial-based models using the Evolutionary Polynomial Regression with
Multi-Objective Genetic Algorithm (EPR-MOGA); and (iii) to evaluate model performance through the
coefficient of determination (CoD) (Giustolisi and Savic 2006) and criteria for model parsimony. In
particular, we investigate how parameters such as crest freeboard, local wave height, wave period, and the
slopes of the foreshore and dike contribute to predicting the magnitude of individual overtopping events.

The novelty of this research lies in the use of a highly controlled experimental dataset composed of
focused wave group tests on smooth dikes with emergent toes in shallow water, a condition not typically
covered by existing empirical or machine learning overtopping models. This approach enables the isolation
of extreme overtopping events, providing detailed, high-resolution data that is both repeatable and relevant
for extreme climate scenarios. Focused wave groups offer several advantages, including better repeatability
and the ability to closely study large wave interactions. The NewWave theory (Whittaker et al. 2016, 2018),
widely used in offshore engineering, is adopted to generate statistically probable wave groups associated
with the largest waves in a sea state. This approach allows for a more detailed examination of wave-structure
interactions during extreme events (Whittaker et al.. 2017), a method that has increasingly been adopted in
coastal engineering studies, as demonstrated in research on coastal defences (Altomare and Gironella 2024)
and wave energy converters (Ropero-Giralda et al. 2020). Ultimately, the goal of this research is to provide
a reliable and efficient method for assessing wave overtopping volumes in various coastal scenarios,
particularly those involving large wave groups approaching sea dikes on varying sloping foreshores, by
considering focused wave properties and deep-water hydrodynamic characteristics (Yuhi et al. 2021,
Lashley et al. 2021).

Furthermore, unlike conventional approaches relying on Weibull-based statistical extrapolation or data-
hungry black-box models, this study produces transparent, equation-based predictors that are both physi-
cally interpretable and readily applicable in design contexts where only limited input parameters are
available. As such, the findings contribute to both the methodological and practical advancement of
overtopping prediction under extreme wave conditions.

The article is structured into some key sections that systematically present the research findings
and methodologies. It begins with an introduction, which outlines the significance of wave over-
topping and the objectives of the study. Then, the experimental campaign and collected data are
described. Following this, the methodology section details the Evolutionary Polynomial Regression
(EPR) approach used for modelling, including data collection and analysis techniques for the
specific application in hands. The results and discussion section presents the findings, highlighting
the relationships between various hydraulic and structural parameters and their impact on over-
topping volumes. Finally, the article concludes with a section that summarises the main findings
and suggests directions for future research.

2. Literature review of individual wave overtopping volumes

Traditionally, coastal structures have been designed using the allowable mean overtopping dis-
charge as the primary criterion. However, recent design manuals also specify limits for the
maximum individual overtopping volumes to ensure the safety of people, vehicles, and properties
located behind these structures (EurOtop 2018). Individual overtopping wave events associate to
one sea storm, which are random in nature, are often described by their exceedance probability
distribution. This distribution is typically related to the mean overtopping discharge, the probability
of overtopping, and storm duration. Empirical methods derived through dimensional analysis and
scaling arguments—are widely used to estimate overtopping parameters. These methods relate
overtopping responses to wave and structural parameters. One of the most comprehensive datasets
for overtopping rates is the CLASH database, developed during the CLASH European project
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(Pullen et al. 2009), although it primarily focuses on average overtopping rates and provides limited
data on wave-by-wave analysis.

2.1. Probability distribution of individual wave overtopping volumes

It is particularly important to understand extreme individual events when assessing potential impacts,
such as on pedestrian safety or the stability of the landward side of coastal structures. There are various
methods for quantifying these events, including numerical modelling, machine learning techniques and
empirical formulations. Unlike some other methods, empirical formulations offer the advantage of
being easily applicable and of explicitly demonstrating the relationships between variables.
Consequently, research often focuses on developing and refining these relationships. Traditionally,
studies on individual volume distributions have primarily focused on conditions without significant
wave breaking on the foreshore or limited shallow water influence (Nergaard et al. 2014, Jorge et al.
2019). However, existing formulations derived for dikes or other structures in intermediate to deep
water may not be sufficient when a shallow foreshore is present in front of a structure. The hydro-
dynamic processes in shallow water, such as depth-induced wave breaking and non-linear wave
interactions leading to significant low-frequency wave energy, differ considerably from deep water
conditions. Lately, de Ridder et al. (2025) have focused on investigating extreme individual wave
overtopping events, including water layer thickness, front velocity, and volumes, at rubble mound
breakwaters with a smooth crest situated in shallow water conditions. Their findings emphasise the
need for new empirical expressions that are tailored to the unique characteristics of coastal structures in
shallow water environments. However, they only analyse rubble mound breakwaters. To the authors’
knowledge, no similar study on sea dikes in extremely shallow waters, even with an emerged toe, has yet
been published.

The aforementioned gap in the literature is particularly relevant when selecting appropriate statistical
models to describe overtopping events across different structure types and water depths. To describe the
probability distribution of individual overtopping volumes, the two-parameter Weibull distribution is often
applied. The cumulative distribution function (CDF) of the Weibull distribution is expressed as:

)]

where: P, is the probability that an individual overtopping volume V will not exceed; a is the scale
parameter; b is the shape parameter, which defines the tail of the distribution and the likelihood of larger
overtopping events.

P,=1-—exp

2.1.1. Shape parameter formulations in overtopping studies

Several studies have provided formulations for the Weibull shape parameter b under different conditions.
Early studies relied on constant shape parameters or focused on wave steepness, while later research
emphasised the importance of variables such as relative crest freeboard and dike slope angle, among others.
Recent studies propose more complex formulas that incorporate multiple factors and consider specific
structure types and overtopping regimes (e.g. low overtopping volumes).

Franco et al. 1994 recommended a constant shape parameter b = 0.75 for dikes and vertical breakwaters
in non-breaking wave conditions; Besley (1999) suggested a constant shape parameter b = 0.853 for sloped
structures, while Bruce et al. (2009) found b = 0.74 for mound breakwaters, and determined that the type of
armour and number of layers did not significantly affect b.

EurOtop (2018), recommends the following parameters for vertical breakwaters, based on Besley (1999):

2.1.1.1. Non-impulsive wave conditions.

b=0.66 for sy =0.02 (2)

b=0.82 for sy =0.04 (3)
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where:
SOP
is the deep-water incident wave steepness.
2.1.1.2. Impulsive wave conditions.
b=0.85 (4)

Victor et al. (2012) proposed the following formula of the shape parameter for steep, low-crested smooth
structures:

R
b = exp [—2.0 < } +(0.56 + 0.15 cot a) (5)
HmO
where
R, is the crown wall crest freeboard, H,, is the incident significant wave height, and « is the seaward dike
slope angle.

Hughes et al. (2012) proposed the following formula, valid for —2 < Ifr;o <4:

R 1.8
b= [exp <—0.6 Hﬂ;ﬂ +0.64 (6)

Zanuttigh et al. (2013) tatistical CO used mean overtopping discharge to estimate the shape parameter,
leading to the formulas recommended in EurOtop2018:

2.1.1.3. Smooth structures.

0.8
q
b=073+55— "L )
(gHmon1,0>
2.1.1.4. Rubble mound structures.
g 13
b =0.85+ 1500 (7) (8)
gHumoTm—10

where: g is the mean overtopping discharge, g is the acceleration due to gravity, and T,,_; ¢ is the spectral
period.

Norgaard et al. (2014) developed formulas to estimate b for rock-armoured mound breakwaters under
depth-limited breaking wave conditions:

H, H
b = 0.75for —> < 0.848 and — < 0.2 9)
1/10 h
/
H H
b=—6.1+8.08—""for—" >0.848 and — >0.2 (10)
1/10 1/10 h

where:

H_ is the average of the 1 /10 highest incident waves, and  is the water depth.

Gallach-Sanchez 2018 built on Victor et al. (2012), proposing the following formula:

R,
b = (0.59 4 0.23 cot ) exp (—z.zH ) +0.83 (11)

m0

A recent study from Salauddin et al. (2022) found no apparent differences in Weibull b values with
changes in incident wave steepness and the impulsiveness parameter: the authors propose a new formula for
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estimating b at vertical walls under both impulsive and non-impulsive wave conditions that somehow
combines in two terms at the right-hand side what expressed in previously shown equations:

b=042+153e ( 0.95 RC>+450< 1 )M (12)
= V. . X —VU. —
P Ho gHumoTm-10

2.1.2. Scale parameter formulations in overtopping studies
The scale parameter a normalises the distribution and is generally expressed, for wave overtopping volumes,
as follows:

a=AV (13)

where A is the dimensionless scale parameter and V is the mean of the measured individual wave
overtopping volumes. While the Weibull shape parameter b has been extensively studied, with various
formulations proposed, there is limited information on specific formulations for the scale parameter a. The
focus in most studies has been on its relationship with the shape parameter and the average overtopping
discharge. EurOtop (2018) provides the following equation to connect the scale parameter with the shape
parameter:

B 1 qTm
“TTaHY <P> (1)

where: T is the gamma function, T, is the average period calculated from the wave record, and P,, is the
probability of overtopping. Equation 14 suggests that the scale parameter is proportional to the mean
overtopping volume, as the right-hand side of the equation represents the theoretical mean of the Weibull
distribution, which is assumed to equal the measured mean overtopping volume. Jorge et al. (2019), in their
study of mound breakwaters with low overtopping volumes, propose a method to determine the scale
parameter using a quadratic utility function. They suggest that the scale parameter is not directly derived
from the mean overtopping volume but is instead obtained by fitting the Weibull distribution to measured
data.
In general, it can be stated that the key variables influencing the scale parameter are:

e average overtopping discharge: a higher discharge directly leads to a larger scale parameter.

¢ average period: a longer mean wave period also contributes to a larger scale parameter.

¢ overtopping probability: a lower overtopping probability (i.e. fewer waves overtopping the structure)
results in a larger scale parameter, i.e. the expected maximum volumes of events with lower P,, are
larger than those with higher P,,.

2.1.3. Maximum individual overtopping volume
The maximum overtopping volume in one sea state (V) is calculated using the following equation:

Viax = a[In(Ny, )Jf (15)

where N,,, is the number of waves overtopping the coastal defence structure. The scale parameter a directly
influences V.. Consequently, changes in the variables affecting a will also impact the estimation of
maximum overtopping volume. Summarising all above references, it can be concluded that i) the maximum
overtopping volume is directly proportional to the mean overtopping volume; ii) the relationship between
these two volumes is further influenced by parameters like the number of overtopping waves, mean
overtopping discharge, probability of overtopping, relative crest freeboard, slope angle and wave steepness;
iii) accurately estimating V,,,, requires a thorough understanding of these variables and their complex
interactions. It would therefore be beneficial to identify a method that employs straightforward and precise
predictive models for wave overtopping volumes, which do not necessitate the utilisation of Weibull
distributions. This could prove to be an attractive preliminary approach to estimating the critical volume
for coastal infrastructures.
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Figure 1. Ciemito 2D lateral view with detail of sea dike and overtopping box.

3. Experimental campaign
3.1. Experimental setup

Experimental tests were carried out in the small-scale wave flume, named CIEMito, at the Maritime
Engineering Laboratory (LIM) of the Universitat Politecnica de Catalunya —BarcelonaTech (UPC). The
flume has dimensions of 18 m in length and 0.38 m in width, and uses a piston-type wavemaker for wave
generation. Active wave absorption was not used in the experimental setup. As discussed later in the
manuscript, focused wave groups were employed to concentrate wave energy at a specific location and time.
This approach does not require active absorption systems, as the generated time series are short in duration
and wave reflections at the paddle location are negligible. Consequently, the analysis of wave-structure
interactions can be performed with high precision, without the need to separate incident and reflected wave
components.

The tests employed a 1:50 scale model constructed from plywood, featuring a sloping beach with a 1:15
slope beginning at 7.2 m from the wavemaker, followed by a steeper 1:6.3 slope leading to the dike or
promenade toe (see Figure 1).

The structure was tested with various geometries, including a vertical wall and sloping dikes with slopes
of 1:2 (vertical:horizontal) and 1:0.5, respectively. In all cases, the dike height was 0.04 m. The dike was
positioned either at the end of the 1:6.3 slope or set back by 0.05 m to create a horizontal emerged berm at
the dike toe. The still water level was below the structural toe, leaving the dikes exposed.

Scale effects were evaluated through Reynolds and Weber numbers, confirming that viscous and surface
tension forces were negligible (Req > 10°, Weq > 10). These findings align with the analysis by Altomare
and Gironella (2024), who examined the same dataset and concluded that scale effects do not significantly
influence overtopping volumes.

To measure water surface elevations, eight resistive wave gauges (WG0-WG7) and one ultrasonic
proximity sensor (AWGO) were installed along the flume, at distances between 4.00 m (WGO) and 9.58 m
(AWGO) from the resting wave generator. Furthermore, an overtopping tank equipped with a second
ultrasonic sensor (AWG1) was employed to record the volume of overtopping. The variation in water level
within the overtopping tank was then multiplied by the base area of the tank to be converted into volume.
The overtopping was collected using a 0.09 m wide chute. Dividing the collected overtopping volume by the
chute width, the volume per unit width (expressed in 1/m) was finally assessed. For this study, we only
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Table 1. Hydrodynamic and geometrical
characteristics upscaled to prototype

conditions.
Parameter Value range
Hmo (M) 2.30-3.80
Tm—10 (5) 9.33-12.87
ht (m) From —0.70 to —2.20
Rc (m) 2.55-4.20
Dike slope (cota) 0,0.5,2
Skewness 0-3.70
Asymmetry -2.15-1.05
V (I/m) 659.70-16512.56

looked at data without toe berm. This is because only a few experiments with toe berm were carried out.
This meant that the total number of data points was 316. The complete dataset, including data for different
foreshore slope, and all technical detail about the measurement system and setup are described in Altomare
(2024).

3.2. Wave conditions and test matrix

Hughes and Thornton (2016) and Whittaker et al. Whittaker et al. (2018) highlighted the need to consider
individual wave properties for designing coastal defences. In the present study, the NewWave theory
(Tromans et al. 1991) is employed. By linking the expected shape of the maximum wave to the overall
characteristics of the sea state, the theory enables a more accurate representation of extreme events. The use
of focused wave groups, rather than long-duration irregular wave time series, offers several advantages: in
particular, focused wave groups improve the repeatability and accuracy of experimental measurements and
enhance the precision of models used to examine significant wave interactions (Hofland et al. 2014,
Formentin et al. 2024). Whittaker et al. (2016) validated the effectiveness of focused wave groups in
studying wave-structure interaction problems, demonstrating that a single wave group can reproduce
extreme coastal responses within a specific sea state.

The time series for each focused wave group was generated according to the NewWave theory, following
the method outlined by Whittaker et al. (2017), which describes the most probable shape of a large wave in
a given sea state. While originally developed to describe compact wave trains on horizontal bottoms, in this
study the theory was adapted to account for wave shoaling and breaking near coastal structures, following
the work from Whittaker et al. (2016). A NewWave-type focused wave group consists of N infinitesimal
wave components, defined as follows:

n(x,t) =A Z 0% Sy (i) cos (ki(x — xp) — wi(t — tf) + ¢) Aw (16)

1

where S, is the power spectral density, ¢ is time, w is the angular frequency, o is the standard deviation of the
random sea state, being 6 = >~ S, (w;) Aw, and k; is the wavenumber of the i-th wave component with angular
frequency w; (based on the linear dispersion relation w? = gk - tanh(kh), where g is the acceleration due to
gravity and h is the water depth), and x is the horizontal distance from the wave generation. All wave components
come into phase at the focus location x; and focus time #; to form a large wave with a linear focus amplitude equal
to A. A comprehensive range of focusing patterns can be attained by incorporating the phase angle ¢ of the group
at focus (e.g. crest, trough, . . .). The energy concentration within the group remains unaffected by the value of ¢
and depends only on the variance 2. Yet, the shape of the wave, whether it is asymmetric and/or skewed,
depends on the phase at focus and can influence the breaking process and, consequently, the impact exerted on
the structure. All 316 data here analysed correspond to cases having overtopping volumes larger than 600 I/m
(upscaled to prototype conditions): cases with lower values were excluded from the analysis to concentrate
exclusively on extreme wave conditions and significant overtopping events. It is important to note that 600 1/m
represents the tolerable overtopping volume limit for pedestrians, as indicated in EurOtop (2018).
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Table 2. Focused wave location (expressed in proto-
type scale) and phase.

Parameter Value range
x¢(m) (relative to the dike toe) 32,79,127.5,183
¢ ) 0, 90, 180, 270

In order to define the amplitude associated with the focused wave group, once the target significant wave
height, H,, ¢, has been defined, being equal to 40, the target value of A is calculated from the standard
deviation, o, if Rayleigh distribution of waves is assumed:

A=v202InN (17)

Table 1 presents the parameters investigated in this study, with wave conditions upscaled to prototype
conditions (Altomare and Gironella 2024). The significant wave height and spectral period values correspond
to measurements taken at the WGO location (i.e. close to wave generation). This approach was chosen due to
the challenges in accurately determining wave conditions at the toe, particularly in cases of wave breaking or
very shallow water. The table presents the values of two key parameters for describing the evolution of waves as
they propagate into coastal regions: wave asymmetry and skewness. As waves approach shallower zones, their
nonlinearity increases, resulting in asymmetries along both horizontal and vertical axes. In order to capture
these nonlinear effects and characterise wave asymmetries, it is useful to consider higher-order moments of the
free surface. Skewness (Sk) and asymmetry (As) are used to quantify these distortions, with Sk representing
horizontal asymmetry and As describing vertical asymmetry. The two quantities are defined as follows:

=3 =
__ " __"u
Sk—w, As = = 32 (18)
(7) (7)
where 7,; denotes the Hilbert transform of 7.
The variable h; denotes the local water depth measured at the toe of the dike. Finally, explored value of
focus location and phase of the focus wave groups are summarised in Table 2. In addition to the values

presented in Table 1, the potential influence of focused wave location and phase on overtopping volumes is
investigated.

4. The evolutionary polynomial regression paradigm

According to the colour-coding classification (Ljung 1999) of system identification models, the
Evolutionary Polynomial Regression (EPR) is a grey-box modelling strategy for data-driven analysis,
introduced in recent years (Giustolisi and Savic 2006) and successfully applied to modelling a wide
range of complex engineering problems (Berardi et al. 2008, Javadi and Rezania 2009, Altomare et al.
2013, Vassallo et al. 2016). More specifically, the EPR-MOGA paradigm was selected to accomplish the
analyses presented herein since it proved promising in examining the wave reflection of an absorbing
gravity wall in Altomare et al. (2013), where similar kind of laboratory data were used. This approach
allows the modelling of complex phenomena that are not described using physically based models, i.e.
because they would require large amounts of field/laboratory data, often not available due to the high
costs or technical difficulties. Grey-box models, as conceptual models, allow introducing elements of
prior knowledge about the phenomenon (physical insight) in all phases of the modelling process: data
pre-processing, search and selection of candidate covariates, settings of the expected expressions,
analysis, and selection of final models. Indeed, EPR modelling strategy is conceived to identify the
patterns in input-output data collected at the system under observation and returns expressions that are
readily interpretable by the user. Therefore, EPR models are of direct relevance to get additional
knowledge on complex phenomena, especially in technical/engineering areas where experts are used
to look at explicit formulations. In brief, EPR combines the effectiveness of evolutionary search for
developing the mathematical structure of symbolic expressions, through genetic algorithms, with the
advantage of numerical regression for estimating model parameters, by solving a Least Squares linear
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problem. Such two-steps strategy makes biunique the relationship between each mathematical structure
of the developing model and its estimates. One of the general model structures that EPR can manage is
reported in the following:

Y=ao+ > aj- (X)B00 (X))
j=1

_f<(X1)Es(j,k+1) o (Xk)ES(j,Zk))

:ao+Zaj~Zj (19)
j=1

where m is the number of pseudo-polynomial terms, a; are numerical parameters to be estimated, X; are
candidate explanatory variables (also defined as attributes), and ES(j, z) (with z = 1,. .., 2k) is the exponent
of the zth input within the jth term. The function f is a function selected by the user among a set of possible
alternatives (including no function selection, which means that the factor f{...) disappears from pseudo-
polynomial terms). The exponents ES(j, z) are selected from a user-defined set of candidate values. It is
worth noting that including 0 among the exponents allows the relevant input X; to disappear in the resulting
formula.

On the one hand, this model coding allows reducing the complexity of final mathematical expressions.
On the other hand, it takes the general model structure and the inputs only as candidates for the final model.
In fact, the EPR settings do not represent a rigid prior selection of the mathematical structures, number of
variables, and parameters. These values are set by the users based on prior knowledge of the phenomenon
and/or its physical interpretation.

It is worth noting that EPR mathematical structures, e.g. Equation 19, are linear with respect to their
parameters, although not necessarily linear in their attributes (due to both exponents different from zero
and possible selection of function f).

The EPR model coding allows keeping in the final model expressions only the most significant variables
to describe the pattern in data. This, in turn, allows eliminating the less/non-influential variables or those
that depend on the selected ones. In addition, it is possible to identify groups of variables that present
recurrent correlations in the model expression, being the more significant to capture the phenomenon.

The search for optimal models is driven by the minimisation of the complexity of model structure, based
on model coding, and the fitting to data. Indeed, consistently with Occam’s razor principle, pursuing the
parsimony in input variables and number of pseudo-polynomial terms in the final expressions aims at
improving the interpretability, as a key requirement for model generalisation, and mitigating the risk of data
overfitting. This is a common problem in black-box approaches, which do not allow for any physical/expert
interpretability of the models. From such perspective, EPR represents a methodological tool for knowledge
discovery, in particular to study the phenomena at the experimental scale, as in the present work. In fact,
even though today there are almost no limitations in harvesting and archiving data, at the laboratory scale,
the acquisition of non-significant data might represent a cost and an unjustified increase in complexity in
the experimental set.

The latest version of the EPR paradigm, which is used herein, incorporates a multi-objective search
(EPR-MOGA) Giustolisi and Savic (2009) in order to develop multiple models by simultaneously optimis-
ing the fitness to the training data and the parsimony of the resulting mathematical expressions, through
a multi-objective genetic algorithm (David 1989), based on the Pareto dominance criterion, called
OPTImized Multi-Objective Genetic Algorithm (OPTIMOGA) Laucelli and Giustolisi (2011).

Once the EPR-MOGA setting options have been defined (candidate model attributes, candidate expo-
nents for attributes, maximum number of parameters, etc.), it returns a set of Pareto-optimal models
considering up to three conflicting objective functions: (1) maximising the model accuracy for best fitting to
data; (2) minimising the number of coefficients, i.e. terms of the pseudo-polynomials; and (3) minimising
the number of input variables. The availability of multiple alternative model expressions allowed by the
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Figure 3. EPR-MOGA approach for data-driven modelling.

multi-objective search paradigm enables comparing different optimal models, identifying recursive vari-
ables or groups of variables, also in light of previous studies and knowledge of the phenomenon.

As a latest innovation in EPR-MOGA modelling, the user can get a larger range of model expressions by
considering the rank-2 Pareto efficient solutions. This allows the genetic algorithm not to exclude domi-
nated models that differ little from the solutions that are on the Pareto front. In more details, according to
the methodology proposed by Fonseca and Fleming (1999), implemented in the OPTIMOGA algorithm,
each solution e is assigned with a rank:

rank(e, 7) = 1 + p\” (20)
where p(7) is the number of individuals dominating e, at generation 7 according to the Pareto dominance

criterion. Figure 2 exemplifies different solutions assigned with rank = 1 and 2. Each solution with rank> 1
is dominated by the red points in the left bottom area. This ultimately results in a more robust selection of
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final models among a richer set of alternatives, preserving models that show worse statistical performances
than rank 1 models, but may be useful to understand the phenomenon at hand.

Figure 3 summarises the decision support framework for model selection allowed by EPR-MOGA,
emphasising its flexibility in introducing physical prior insight in all phases.

In the first phase (pre-processing data) the user can select the data that he/she considers most
meaningful for the analysis, as well as manipulate them before the analysis to drive the search towards
known functional terms. Furthermore, the general mathematical structure of the model, the number of
variables and maximum number of pseudo-polynomial terms are based on experiences/known models
and a priori knowledge of the phenomenon. Such setting also allows directing the search based on the
purpose of the analysis. For example, minimising the number of additive terms would direct the search
towards expressions consisting in the summation of single variables. This, in turn would push the
search towards few groups of recurring variables. Vice versa, minimising the number of variables
without constraints on number of additive terms enables a sort of sensitivity analysis to understand
the influence of each single variable on the phenomenon, selected in the most parsimonious expres-
sions. In the model selection phase, the key aspects are to obtain a generalisable and physically
interpretable formulation, improving the robustness of the resulting models beyond mere statistical
criteria. Therefore, recurring groups of variables and mathematical structures among the models on the
Pareto front allow defining a hierarchy in the variables that explain the phenomenon while identifying
those that are not meaningful or not independent form the others, i.e. never appear in the final
expressions. The same principle applies to terms (i.e. parameters a; in Equation19); for example, if
the bias (ag) not even appear in the models, it means that the variation of the output variable (Y) is
explained by the input variables (Xi). Therefore, bias can be removed from next EPR-MOGA model
search runs.

5. Results and discussions
5.1. Primary dependences of overtopping volumes

Prior to investigating the significant dependencies of overtopping volumes on the parameter space defined
by hydraulic and structural characteristics and focused wave characteristics (see Tables 1 and 2), it is
essential to examine the primary dependence of V on parameters such as crest freeboard, wave height, and
wave period. This is because these parameters are expected to have an influence on the results, as widely
documented in the literature. In order to achieve this, the variables of wave height and crest freeboard are
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Figure 4. Overtopping volume dependence on dimensionless freeboard and spectral wave period. Results are gathered for
focus location.
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Figure 5. Overtopping volume dependence on dimensionless freeboard and spectral wave period. Results are gathered for
dike slope.

3.5

0kt

-2 -1.5 -1 -0.5 0 0.5 1
As.

Figure 6. Overtopping volume dependence on wave skewness and asymmetry.

combined to form a dimensionless group, R./H,, as widely used for assessment of average wave over-
topping discharge (EurOtop 2018, Lashley et al. 2021).

The variation of overtopping volumes on dimensionless crest freeboard and deep-water spectral wave
period is depicted in Figures 4 and 5. Data are gathered for different focus locations, in Figure 4, while
Figure 5 shows data divided per dike slope. A cursory examination of the data reveals a clear correlation
between larger wave periods and larger volumes. This finding is also corroborated by (Altomare and
Gironella 2024). Wave period is included in the calculation of the shape parameter (see Eqq. 8 or 12),
where an increase in the wave period leads to decrease of the b, which finally will result in increase of a (see
Equation 14). Besides, a is directly proportional to the wave period.

The greater the dimensionless crest freeboard, the smaller the measured overtopping volume (EurOtop
2018). The mean discharge appears in the Equation 14 and is directly related to the scale parameter of the
Weibull distribution.

A more detailed examination of the data reveals that while there is no clear correlation between volumes
and focused locations, at least in dimensional form. Altomare and Gironella (2024) have shown that by
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considering a dimensionless focus location, proportional to the deep-water wavelength, enhances the
dependence of overtopping volume on the latter. However, this correlation is not explored further here
since dimensional groups will be finally considered in order to explore EPR model expressions.

Instead, there is a notable dependence on the dike slope, see Figure 5: steeper the dike, smaller the
measured volume, as also confirmed by existing literature.

Finally, Figure 6 shows the variation of overtopping volumes versus wave asymmetry (As) and wave
skewness (Sk). The colourmap represents the natural logarithm of the maximum overtopping volume,
In(Vpmax ), highlighting regions of high and low overtopping intensity. This means that wave groups that are
highly skewed and moderately asymmetric lead to the largest volumes.

While some localised peaks in overtopping volumes are observed at moderate values of asymmetry and
skewness — namely for values of asymmetry between —1 and —0.5 and skewness between 0.5 and 1 -, no
consistent global trend emerges from the figure. This irregular pattern suggests that, within the tested
conditions, asymmetry and skewness do not exert a dominant or systematic influence on overtopping
behaviour. Their role in determining overtopping volumes appears secondary compared to more influential
parameters such as wave period, crest freeboard, and local water depth.

5.2. EPR setting and results

EPR has been successfully applied in coastal engineering and other engineering disciplines (Giustolisi et al.
2008, Rezania et al. 2010, Laucelli and Giustolisi 2011, Altomare et al. 2013). In this study, EPR is used to
analyse the data described in Section 3, with the general mathematical structure of the models set a priori
based on existing literature. The variables employed in the EPR models are chosen based on physical
principles and derived from studies by Altomare et al. (2016), Goda (2009) and EurOtop (2018). EPR-
MOGA modelling generates a set of expressions that assist in the identification of significant and recurrent
groups of explanatory variables, thus facilitating the interpretation of the physical phenomenon and model
comparisons in terms of accuracy and simplicity.

The analysis was conducted using two databases: one with dimensionless variables and the other with
dimensional variables. In both cases, the phase angle was expressed in radians rather than degrees. For
clarity, the results from the dimensionless variable database are not shown here, because EPR models using
dimensionless variables showed lower accuracy than those with dimensional variables (i.e. Coefficient of
Determination lower than 55%). Therefore, only the results for dimensional variables are presented and
discussed, with the identified models achieving a CoD between 80% and 90%. The 316 data related to
hydraulic and geometrical parameters have been used as training set for EPR-MOGA modelling. The
explanatory variables included in the analysis and candidate covariates in the model expressions are spectral
wave height and period at the wave generation (= deep waters), focus location and phase, local water depth
at the dike toe, dike slope, structural freeboard, wave asymmetry and skewness. Given the prevalence of
exponential and Weibull functions in the literature on wave overtopping (see section 1), an exponential
function hypothesis has been retained for EPR modelling.

In order to determine the model expression, a number of hypotheses have been explored. These
include the structure of the expression (for example, an exponential function, as previously
explained), the maximum number of terms, the values of exponents to be used, the number of

Table 3. EPR-MOGA settings.

EPR-MOGA-XL setting Value
Expression structure (MY =exp(>_(aiXiXa) + ao), (2)Y =D (a; - X1 - Xy - £(Xq - X2)) + a0
Inner function No function, Exponential

Regression type I-O Regression (no Time)

Max number of terms 3

Exponents 0,0.5,1,13,15,2,-05,-1,-13,-15,-2
Number of Attributes 9

Attributes X3 @3 Hmo; Tm—1.0; he; cot a; Ag; Se; Re

Soft ranking 2

Bias (ag) YES, NO

Regression Method LSaj > 0, LS

Optimization Strategy Min (aj, X;, SSE)
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Table 4. EPR selected model equations and CoD.
Model no. CoD (%) Model expressions
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attributes (that is to say, dimensional variables), the presence or absence of a bias in the formula,
the regression method (i.e. Least Squares (LS) or Non-negative Least Squares (LSaj>0), and the
optimisation strategy (i.e. minimisation of the Sum of Squared Errors (SSE) along with the
minimisation of the number of variables (a;) or the number of pseudo-polynomial terms (X;)).
Keeping lower the maximum number of terms, prevents from overfitting due to over-
parameterisation of the model. Non-negative Least Squares (LSaj>0) method for parameter esti-
mate prevents from having negative parameters to explain inverse dependence between inputs and
outputs; if LSaj>0 is selected, inverse dependence is described by negative exponents only. Table 3
summarises the EPR-MOGA settings that have been used in different simulations and resulted in
the best model performance.

A subset of 15 model expressions, selected from a total of 176, is presented in Table 4. The values of CoD
are reported, resulting overall very similar to each other, except for model iv. Figures of each model showing
the predicted volume versus the measured one are reported in Appendix A. The remaining 161 model
expressions have been excluded on the grounds of complexity, specifically the presence of an excessive
number of terms or groups is likely to promote overfitting to data rather than explaining the most
significant patterns behind the physical phenomenon. Additionally, the groups of variables have been
deemed inconsistent with the physical explanation of the phenomena, as supported by the available
literature. Among the selected model expressions, six subgroups are identified, the first four without
using an inner function in the general expression (1): models (i), (ii) and (iii) employing no bias and LS
regression method; models (iv), (v), (vi) and (vii) without bias and with LSaj > 0; model (viii) with bias and
LS regression method; models (ix) and (x) employing bias and LSaj > 0. The other two subgroups use
expression structure (2) with inner exponential function: models (xi), (xii) and (xiii) having no bias and LSaj
> 0; models (xiv), and (xv) with and and LSaj > 0.

It is noteworthy that models (i) and (ii) are identical to models (v) and (vii), respectively. These models
are intentionally repeated despite slight differences in the EPR settings, as their repetition underscores the
importance of certain explanatory groups and structural patterns.

Model (i) (= model (v)), includes only three variables and is able to describe the 84% of the phenomenon.
The models that represent the best compromise between accuracy and simplicity are the models (vii) and
(xii), for the expression structures (1) and (2), respectively. These models show that from four to five
variables (cos(«), Huo, Tm—1,0, and R, h;) can describe approximately 86% of the phenomenon with only
two additive terms. By including the variable x;, like in model (iii), there is a marginal improvement, raising
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44.5% of the phenomenon (as seen in model (iv)): this group can be found in 10 of the 15 selected model
expressions.

The models generally show an increasing volume with increasing wave period, as shown in
Figures 4 and 5 and also evident from literature (see discussion in the previous section). There is
an inverse dependence of the volumes on the crest freeboard and the local water depth: the former
is expected, as smaller freeboards lead to higher overtopping rates and hence higher volumes (see
Equation 14). Actually, in an overtopping Weibull distribution, both the scale parameter and the
shape parameter affect the distribution of overtopping volumes, albeit with differing effects. In fact,
an increase in the scale parameter directly results in an overall increase in the magnitude of the
overtopping volumes, as discussed in the previous section (see also Eq. 13 and 14). Conversely,
a reduction in the shape parameter results in a skewing of the distribution, leading to the
emergence of a heavier tail. A reduction in the shape parameter increases the probability of
extreme events but does not uniformly scale all volumes in the same manner as the scale factor.
In general, it can be observed that an increase in the scale parameter has a more direct and
proportional effect on the magnitude of all overtopping volumes, including the maxima. Decreasing
the shape parameter increases the likelihood of extreme events by making the tail heavier, but its
effect on maximum volumes is less direct compared to the scale factor. Therefore, the inverse
relationship between V and crest freeboard, as well as the direct relationship between V and slope,
observed in the EPR model, are consistent with the increase of the scale parameter of the Weibull
distribution, which is directly proportional to mean overtopping rates. The direct relationship
between V and cota is evident in all model expressions, except (iv). Higher values of cota
correspond to gentler dike slopes, which are more susceptible to overtopping compared to steep
vertical walls (cota = 0).

The influence of the local water depth at the toe of the structure needs to be treated carefully. In fact, the
inverse relationship between volumes and square of the water depth has a physical meaning only in the case
of negative water depth (i.e. emergent toe), as in the cases used to train the EPR. Shallower water depths
below the structural toe would lead to larger values of h2. Under such conditions, wave breaking is more
intense, so more wave energy is dissipated before reaching the structure and overtopping is reduced.
Therefore, if model (xii) is used to calculate the overtopping volume, it should only be used for cases
with emergent toe conditions.

Finally, all the analyses confirm that the variables ¢, As and Sk are less significant than the
others in explaining the observed phenomenon. Therefore, they were neglected in the following
analyses.

the explained variance to 89.7%, but an increase in complexity. Notably, the group

alone explains

6. Methodological workflow: data, processing, and modelling

To enhance the interpretability and reproducibility of the modelling process, a step-wise methodological
flow is outlined below. This includes the dataset characteristics, pre-processing procedures, modelling
techniques, and post-processing steps, with emphasis on the software used.

6.1. Dataset collection

¢ Experimental Source: 316 laboratory tests conducted at the CIEMito wave flume, UPC.

¢ Wave Input: Focused wave groups based on NewWave theory.

¢ Parameters Recorded: Spectral wave height H,,, spectral period T}, o, crest freeboard R., dike slope
cot a, local toe depth h;, focus location xf, focus phase @, wave asymmetry (As), and skewness (Sk).

6.2. Pre-processing

e Data filtering to retain only extreme overtopping events (V >600 1/m).
¢ Creation of both dimensional and dimensionless datasets.
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e Variable transformation using physically motivated exponents.

6.3. Modelling via EPR-MOGA

¢ Modelling Tool: Evolutionary Polynomial Regression (EPR) with Multi-Objective Genetic Algorithm
(MOGA), using the EPR-MOGA-XL software.

¢ Objectives: Maximise accuracy (CoD), minimise complexity and/or number of terms and variables.

¢ Expression Forms: Symbolic pseudo-polynomial models.

e Candidate Variables: H,, T;,—10, h, Rc, cot a, x7, @, As, Sk.

6.4. Model selection and validation

¢ Top models achieved CoD of selected models ranging from 79.4% to 89.7%.
¢ In the selected models, the best trade-off encompasses two terms and four variables.
e Key group: Ty,—1,0/R. explained 44.5% of the variance.

6.5. Post-processing and interpretation

e Most significant variables: T,,_1 0, R¢, cot &, h.
o Negligible influence: ¢, Asymmetry, Skewness.
¢ Consistency with physical expectations and prior literature.

6.6. Software and tools

¢ EPR-MOGA-XL: Developed by Prof. O. Giustolisi.
¢ Computational Environment: MATLAB.
¢ Visualisation: MATLAB-based plotting and LaTeX for documentation.

7. Conclusions

Accurate estimation of wave overtopping maximum volumes is essential for the effective design of coastal
defences. Existing manuals, such as EurOtop (2018), provide criteria based on average discharge rates, yet
there is growing concern that these may not fully capture the risks posed by extreme overtopping events. This
study sought to enhance the understanding of extreme overtopping events (i.e. individual overtopping
volumes) for given sea states and structural layouts by employing the Evolutionary Polynomial Regression
(Giustolisi and Savic 2009).

The proposed EPR-MOGA approach provides a flexible and insightful data-driven modelling process,
enabling researchers to refine their models based on prior knowledge and the significance of variables.

This study contributes to the literature by introducing a novel application of EPR-MOGA to model
overtopping volumes using a focused wave group dataset. Unlike traditional approaches that rely on
irregular sea states and statistical distributions, the proposed method isolates deterministic extreme events
in a controlled flume environment, allowing for high-resolution analysis.

To this end, 316 tests from an experimental campaign carried out in a wave flume facility were analysed and
used to train the EPR model. Four different dike slopes with emergent toe were studied, with slopes varying
from 1:2 to vertical walls. Focused wave groups were generated rather than irregular wave trains, allowing the
experimental campaign to be optimised and to concentrate on the largest wave groups in a real sea state, which
would result in the largest or one of the largest individual wave overtopping volumes. Focused location and
focus phase have been considered among other explanatory variables, such as deep-water spectral wave height
and period, local water depth, crest freeboard and wave asymmetry and skewness.

The study confirms that overtopping volumes are influenced by several physical parameters, including
wave period, crest freeboard, and local water depth. Lower freeboards are associated with higher over-
topping rates, and the relationship between water depth and overtopping is significant, particularly in cases
with emergent toe conditions.
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The inclusion of additional variables in the EPR models leads to a marginal improvement in explained
variance. Although the complexity of the models increases, their predictive capabilities are enhanced.
Specifically, the group T,,_;0/R. significantly contributes to explaining the phenomenon, accounting for
44.5% of the variance in overtopping volumes.

The analysis confirms that gentler dike slopes (higher values of cot &) are more susceptible to overtopping
compared to steeper slopes.

Certain variables, such as ¢, A, and Sk, were found to be less significant in explaining over-
topping volumes and can be excluded from further analyses, thereby streamlining the modelling
process.

It is important to acknowledge that the EPR models developed in this study are based on a specific
experimental dataset involving focused wave groups acting on smooth dikes with an exposed toe in shallow
water. While this setup enabled the models to be tested repeatedly and in great detail, it also limits their general
applicability. Future research should therefore consider expanding the dataset to include a wider range of
structural configurations, water depths and wave conditions, with the aim of enhancing the robustness and
applicability of the models. Furthermore, although this study concentrated on creating parsimonious and
interpretable models that did not rely on probabilistic distributions, future studies could profit from directly
comparing their predictive performance with that of empirical or Weibull-based methods (at present still
lacking for the studied geometry and hydrodynamic conditions), thereby further highlighting the advantages
of the proposed approach.

The findings of this study offer valuable insights for advancing coastal resilience. By developing simple and
interpretable predictive models for individual wave overtopping volumes—based on focused wave group
experiments—this work provides a practical tool for coastal engineers and planners to conduct preliminary
assessments of extreme wave-structure interactions. This is particularly important for the design and evalua-
tion of coastal infrastructure in low-lying, vulnerable regions where overtopping hazards are expected to
intensify due to sea level rise and increased storm activity. The ability to isolate and quantify the influence of
key parameters—such as wave period, crest freeboard, and local water depth—enables more targeted and
adaptive design strategies. For example, the proposed models can support the refinement of design thresholds
for sea walls, dikes, and hybrid defences by focusing on individual peak overtopping events, rather than relying
solely on average discharge values. This is especially beneficial in contexts where empirical formulations
developed for irregular sea states are not applicable. Overall, the methodology presented here contributes to
more robust and evidence-based approaches in coastal protection planning.

To enhance the robustness and generalisability of the proposed models, future studies should consider
training the EPR-MOGA framework on more diverse datasets, including different structure types, water
depths, and wave conditions, for which this modelling approach is particularly well suited.

In conclusion, the application of EPR-MOGA modelling has enabled the development of transparent and
accurate predictive expressions for overtopping volumes, without relying on Weibull-based statistical assump-
tions that require estimation of shape and scale parameters. These EPR-derived models are parsimonious and
flexible and may be extended to other dike geometries and wave conditions, provided they remain within the
range of the training dataset. As such, this work lays the groundwork for broader, physically interpretable
modelling approaches in overtopping research and practice.
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Appendix A. EPR models
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