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 A B S T R A C T

This study investigates wave-in-deck (wid) loading in random sea-states. These are among the most severe 
forces experienced by offshore structures and a critical factor in assessing their reliability. Earlier research 
demonstrated that wid loading is fundamentally determined by a momentum-exchange process governed by 
the properties of both the incident wave and the topside structure. However, observations made in quasi-
deterministic (qd) focused waves did not fully explain the larger variability (uncertainties) of the loading 
observed in realistic random sea-states, which is an essential consideration for a full reliability analysis.

To address this gap, wid loading measurements were conducted across a broad range of random sea-
states using a realistic model topside structure. The resulting large dataset was analysed using a data-driven 
methodology to identify the key factors influencing maximum wid loads. The findings confirm the significance 
of incident wave momentum. Importantly, the results highlight the increased influence of the spatial and 
temporal evolution of the incident waves relative to the topside. It is evident that the more diverse forms of 
wave evolution in random seas account for the increased variability in wid loads. This was further demonstrated 
through a novel data-driven model, which accurately reproduced short-term wid loading distributions using 
only a small set of inputs derived from free-field wave data. The general applicability of the model across 
different sea-states without re-training allows more efficient reliability assessments, significantly reducing the 
need for extensive model testing.
1. Introduction

On offshore platforms, wave-in-deck (wid) loading occurs when an 
incident wave crest exceeds the topmost part of the sub-structure, 
directly impacting the topside (or deck structure) and the utilities 
within. In such cases, the level of inundation, 𝛥𝜂, becomes positive, 
such that 
𝛥𝜂 = 𝜂𝑐 − ℎ𝑑 > 0, (1)

where 𝜂𝑐 is the incident wave crest elevation and ℎ𝑑 the elevation of 
the underside of the deck structure. The interaction between the high 
water particle velocities near the wave crest and the densely-packed 
topside, which houses equipment and utilities, makes it particularly 
vulnerable to concentrated forces during wid events. In addition, wid
loading produces a significant overturning moment due to the force 
being applied at the topmost part of the structure. wid loading is 
therefore among the most critical loading events affecting offshore 
platforms, as it significantly increases the total applied load and exposes 
the structure to a heightened risk of both local and global failure. 
As a result, it is a major engineering concern, especially as part of 
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a reliability analysis for the design and re-assessment of an offshore 
structure.

Compared to loading arising on the lower parts of the structure, 
such as on a jacket-type sub-structure, a distinguishing feature of wave-
in-deck (wid) loading is its large variability, even for similar incident 
wave crest elevations (and consequently similar 𝛥𝜂, assuming ℎ𝑑 is 
constant). This effect has been demonstrated by Ma and Swan (2023b) 
through direct comparisons. The increased variability arises because
wid is governed by the uppermost part of the wave, where nonlinear 
effects are most pronounced and accompanied by the highest level of 
uncertainty. Moreover, realistic design wave conditions are irregular, 
highly nonlinear, and directionally spread, further amplifying the un-
certainties within the applied loads. Traditional design methods, such 
as those based upon regular wave theories (for example, DNV-GL, 2019 
and API, 2014), often fail to adequately capture this variability (Ma 
and Swan, 2023b). However, addressing these uncertainties is crucial 
for reliability analyses, as they have a direct and significant influence 
on the accurate assessment of structural failure probabilities. Whilst 
many recent researches are focused on wave impact on deck structures 
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(for example, Fei et al., 2024, Duong et al., 2024, Wu and Chang, 
2024, Chuang et al., 2023, Zhou et al., 2023 and Wang et al., 2022), 
fewer studies are dedicated to explaining the variability of wid loads 
arising in random seas.

To improve understanding in this area, previous studies (Ma and 
Swan, 2020a, 2023a) have explored wave-in-deck (wid) loading under 
quasi-deterministic (qd) focused wave conditions, providing insights 
into the momentum transfer mechanisms driving the loading. These 
studies demonstrated that factors such as the properties of the inci-
dent wave, its evolution, direction of approach, and topside porosity 
significantly influence the rate of momentum transfer from the incident 
wave crest to the topside structure, and consequently the magnitude of
wid loads. Notably, given the intermittent nature of the wave-structure 
interaction, the applied wid loading was accurately predicted using an 
efficient momentum-flux model, which estimates momentum intake 
based on free-field incident wave conditions (Ma and Swan, 2020b). 
Nevertheless, random seas introduce additional complexities due to the 
broader range of wave forms that arise and interactions that are not 
fully captured by qd focused waves. This has been widely confirmed 
by previous researches such as Karmpadakis et al. (2019) and Toffoli 
et al. (2024). Indeed, wid loads arising in random seas have been 
observed to exhibit much larger variability (Ma, 2017) that could 
not be explained by the variations in the deterministic wave events 
employed in previous studies. Not only the general applicability of 
this observation needs confirmation, an explanation to this increased 
variability requires further investigation in a wide range of random sea-
states. This paper addresses this gap by analysing wid loading arising in 
random seas, focusing on the key factors contributing to its variability. 
This is achieved by:

(a) Experimentally generating a large dataset comprising both the
free-field (without topside) incident waves and the correspond-
ing wid loading data, undertaken in a broad range of random 
sea-states.

(b) Identifying and analysing the key incident wave properties that 
determine the magnitude of wid loading and understanding 
their physical significance. This is achieved by evaluating these 
properties based on the surface elevation measurements and 
analysing the dataset using a data-driven approach. Specifically, 
Artificial Neural Network (ann) models are adopted to system-
atically test a wide range of parameters that may influence the 
measured loads, utilising the ann’s efficiency and versatility in 
handling large datasets.

(c) Demonstrating the effectiveness of this analysis by reproducing 
both the expected magnitude and variability of wid loading ob-
served in the experimental data. This is achieved using a refined
ann model and only a small number of free-field wave properties 
identified in (b).

In this study, the focus is on the horizontal component of wid loading 
in the mean wave direction, as it represents the largest load component 
most associated with global structural failure. As such, it is the primary 
concern in reliability analyses, particularly for typical topside structures 
of fixed platforms that incorporate relatively open and/or grated decks. 
However, the proposed methodology can be extended to any other force 
components, such as the vertical wid loading, as long as the loading 
remains momentum-driven.

Relevant technical background is provided in Section 2, followed 
by an introduction of the experimental programme in Section 3. The 
paper continues in Section 4 identifying and estimating the key incident 
wave properties that best define the maximum horizontal wid loading, 
𝐹𝑥, as well as applying a data-driven methodology. The key findings are 
reported in Section 5, discussing the quantitative relationships between
wid loading and the identified wave properties. Section 6 confirms 
the findings by reproducing the measured wid forces using a data-
driven model with the identified wave properties as input. The paper 
concludes in Section 7, highlighting the practical implications of its 
contributions.
2 
2. Background

Whilst a reliability assessment seeks to define the long-term prob-
ability of failure of a structure across many storms over the required 
return period, the probability of occurrence (or exceedance) of a par-
ticular wave or loading event is often first defined within individual 
storms, or sea-states. The probability distribution of a variable, such as 
the maximum crest height or loading caused by individual waves, that 
arises within the same sea-state is known as a short-term distribution. 
Examples of commonly used short-term crest height distributions can 
be found in Forristall (2000), Tayfun and Fedele (2007), Karmpadakis 
and Swan (2022) for crest heights and Tayfun (1981), Boccotti (1989), 
Karmpadakis et al. (2020, 2022) for wave heights. These are then 
convoluted with the long-term probability distribution of the sea-states 
to produce the long-term distribution (e.g. Forristall, 2008).

Traditionally, short-term distributions are generated using long 
time-domain random simulations, which experimentally model the 
conditions of specific sea-state(s) over a prolonged period of time. As 
such, they are both expensive and time-consuming. An alternative is to 
adopt quasi-deterministic (qd) focused waves following the NewWave
design methodology (Tromans et al., 1991) and the theories of Lindgren 
(1970), Boccotti (1989) and Phillips et al. (1993). Derived using the 
auto-correlation function of the underlying wave frequency spectrum, 
these qd focused waves represent the expected shape of the largest 
waves arising in a (Gaussian) sea-state (Karmpadakis and Swan, 2020). 
While the underlying theory has been derived on the basis of linear 
wave theory, it has been adapted to produce nonlinear and breaking 
waves (Baldock et al., 1996; Johannessen and Swan, 2003; Gibbs and 
Taylor, 2005; Arena et al., 2008; Adcock et al., 2012; McAllister et al., 
2018; Seiffert and Ducrozet, 2018; Alberello et al., 2018).

Adopting this approach, Ma and Swan (2020a, 2023a) studied the 
relationship between 𝐹𝑥 and properties of the incident wave. They 
examined the changes in the (experimentally measured) wid loading as 
a result of variations in the incident wave properties, including their 
evolution and direction of propagation relative to the topside structure. 
It was found that wid loading is primarily a momentum-driven process. 
It follows that the applied wid loading must be closely related to 
the total momentum carried by the part of the wave that enters the 
topside. As such 𝐹𝑥 is, in turn, determined by two factors: the volume 
of water that enters the topside and the associated water particle 
kinematics. Whilst the former dominates in non-breaking waves, the 
latter becomes the driving factor with the onset of wave breaking, 
especially wave over-turning. A separate study (Ma and Swan, 2020b) 
provided a model based upon a momentum formulation. Due to the 
fundamental assumptions of the model being very close to the physical 
reality of the wid loading process, the applied wid loading time-histories 
were accurately predicted without the requirement of any empirically 
calibrated coefficients (Millar et al., 2025).

From the studies mentioned above, it was clear that wave crest 
elevation alone does not determine the magnitude of the applied loads. 
Indeed, even with constant ℎ𝑑 and 𝜂𝑐 , the load exhibited significant 
variability across different focused wave cases. However, these do not 
seem to explain the significantly larger variability observed in random 
seas. This is clearly demonstrated in Fig.  1(a), comparing wid loading 
measured in random and focused waves; the latter data provided 
by Ma and Swan (2020a). In both cases, the maximum wid loading, 
𝐹𝑥, is plotted against the incident wave crest elevation that caused the 
loading event, defined as the maximum crest elevation arising over the 
entire plan area of the structure, 𝜂𝐴𝑐 . These relate to the data labelled as 
‘corresponding’ within the figure. In contrast, the ‘QQ-plot’ (short for 
quantile-to-quantile plot) is produced using the ranked values of 𝐹𝑥 and 
𝜂𝐴𝑐 . This representation is widely adopted to describe short-term loading 
statistics (Heidman and Weaver, 1992), by associating crest heights and 
forces of the same exceedance probabilities. This helps to define the 
exceedance probability of the forces from given crest elevations, and 
provides a representative value through the ‘corresponding’ data.
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Fig. 1. The maximum measured wid force, 𝐹𝑥, plotted against the maximum incident crest elevation measured (a) over the entire plan area of the deck structure (𝜂𝐴𝑐 ) and (b) at 
a fixed point in space, 𝜂𝑃𝑐 , at the geometric centre of the structure; (b) area maximum crest height, 𝜂𝐴𝑐 , within the area underneath the topside.
Within Fig.  1(a), the data relating to qd focused waves involve an 
extensive variation in the incident wave properties. These include, but 
are not limited to, the crest height, the directional spread and the 
underlying spectral shape. Despite this, the variability in the corre-
sponding 𝐹𝑥 values remains relatively limited. In contrast, 𝐹𝑥 arising 
from random waves exhibit a much larger variability at any given 𝜂𝐴𝑐 . 
For example, at 𝜂𝐴𝑐 = 16m, the 𝐹𝑥 values from random waves could 
approximately range from 1 to 10MN, whilst the 𝐹𝑥 from qd waves 
is narrowly concentrated at around 8MN. Understanding the physical 
mechanisms that drive this increase in the variability is key to the 
present paper, as it is directly relevant to the exceedance probability 
of the applied loading and therefore defines the probability of failure 
of the structure. Moreover, it should be noted that at a given level of 
𝜂𝐴𝑐 , the qd waves, on average, give rise to larger wid loads compared to 
those arising in random seas. Both points are investigated within the 
current paper.

Finally, Fig.  1(b) presents an alternative version of the wid loading 
measured in random waves. In this case, a more conventional measure 
of the incident wave crest elevation was adopted; the latter obtained 
at a single point at the centre of the structure (𝜂𝑃𝑐 ). Comparing the two 
sub-plots of Fig.  1, three points are relevant:

(i) On Fig.  1(a), where 𝜂𝐴𝑐  is adopted, all wid loads are shown to be 
caused by incident wave crests exceeding ℎ𝑑 , or the air-gap. This 
is expected but not the case in Fig.  1(b) when 𝜂𝑃𝑐  is adopted.

(ii) 𝐹𝑥 appears to correlate better with 𝜂𝐴𝑐  than with 𝜂𝑃𝑐 , with sub-
stantially reduced variability about the QQ-plot.

(iii) The explanation for both points lie in the fact that incident 
wave crests evolve over the plan area of the deck structure; 
the individual maxima at a single (arbitrarily) chosen point not 
being representative of the overall problem.

For these reasons, the level of inundation, or 𝛥𝜂, is best defined in terms 
of 𝜂𝐴𝑐  in the context of wid loading. As such, this more appropriate 
definition of the incident wave crest elevation will be adopted in 
QQ-plots henceforth.

3. Experimental programme

The experiment was undertaken within the deep water basin in the 
Hydrodynamics Laboratory at Imperial College London. Both the free-
surface elevations of the (free-field) incident waves, and the applied wid
loading, are measured. Initially, the free-field incident waves are gener-
ated and measured using an array of wave gauges (WG) (Section 3.1). 
Once the free-surface measurements are complete, the wave gauges are 
replaced with a model topside structure (Section 3.3). The same wave 
conditions are then re-generated to capture the corresponding loading 
3 
data. The success of this approach requires a fully-repeatable wave gen-
eration. The latter has been thoroughly validated by Latheef and Swan 
(2013) and Karmpadakis et al. (2019) with experiments conducted in 
the same facility. To ensure the practical relevance of the dataset, all 
the present experiments have been conducted by maintaining a Froude 
number (Fr) similarity between the laboratory and prototype scales, 
with a length-scale of 𝑙𝑠 = 1 ∶ 100 and associated time-scale of 𝑡𝑠 =
1 ∶ 10.

3.1. Wave generation and measurement

Fig.  2(a) and 2(b) provide a picture and a schematic of the wave 
basin, respectively. The facility has a working area of 20m × 10m, 
with a variable water depth being set to 𝑑 = 1.25m. A set of 56 
independently controlled flap-type wave paddles are installed along 
one of the longer sides, and a perforated beach on the opposite side to 
minimise reflections. Glass panels are installed on the other two sides 
(along the 𝑥-axis) for maximum visual access. Each paddle, 0.35m in 
width, is bottom hinged at 0.7m below the still water level (SWL) and 
connected to adjacent paddles by soft and impermeable nylon mem-
branes to prevent water leakage and allow the independent movement 
of the paddles. The wave generation system is digitally controlled and 
is capable of accurate wave generation within a frequency range of 
0.3Hz ≤ 𝑓 ≤ 3Hz. Waves can be generated at oblique angles between 
up to 45◦ relative to the paddles. The paddles are controlled with a 
force-feedback system with active absorption capabilities, ensuring the 
correct generation of all underlying linear wave components without 
a build-up of wave energy within the basin (Spinneken and Swan, 
2009a,b). Indeed, combining the active (paddles) and passive (beach) 
absorption minimises any unwanted wave reflection, which is typically 
below 5% (Masterton and Swan, 2008). For further evidence of the 
accurate generation of the desired incident wave spectra and the high 
quality of the waves generated, the reader is referred to previous studies 
such as Latheef and Swan (2013) and Karmpadakis et al. (2019).

Fig.  2(b) also provides a schematic of the resistance-type, tensioned-
wire wave gauge (WG) array. A long row of 15 wave gauges with 
variable spacing (𝛥𝑥 = 0.1m close to the structure and 𝛥𝑥 = 0.2m
further away from the structure) is placed along the centre-line of 
the basin and allows for improved recording of the wave evolution. 
In addition, a square section of 49 equi-spaced (𝛥𝑥 = 𝛥𝑦 = 0.1m) 
wave gauges is positioned in the middle of the tank to provide better 
coverage over the footprint of the topside and a finer spatial resolution. 
Fig.  3(c) provides a detailed view of this latter part. The wave gauges 
are calibrated on a daily basis (to an error of within 1%) and record 
the surface elevation at 128Hz, providing a high temporal resolution. 
The position of the model topside which was used for the second phase 
of the experiment is also superimposed on Fig.  2(b).
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Fig. 2. (a) A picture of the deep water basin in the Hydrodynamics Laboratory at Imperial College London. (b) Schematic showing a plan view of the wave basin, the layout of 
the wave gauges and the position of the model topside.
Table 1
Sea-states within the present study. All values are expressed in prototype scale.
 ID 𝐻𝑠 [m] 𝑇𝑝 [s] 𝛾 𝜎𝜃 [◦] 𝑆𝑝 =

2𝜋𝐻𝑠

𝑔𝑇 2
𝑝

𝑘𝑝𝑑 Duration [h] No. of wid events 
 SS1 15 16 2.5 20 0.038 2.03 230 1400  
 SS2 12 16 2.5 20 0.030 2.03 110 50  
 SS3 15 16 5 20 0.038 2.03 110 550  
 SS4 15 16 1 20 0.038 2.03 110 750  
 SS5 15 14 2.5 20 0.049 2.60 110 1200  
 SS6 15 16 2.5 10 0.038 2.03 110 800  
 SS7 15 16 2.5 0 0.038 2.03 110 800  
 SS8 17.5 16 2.5 20 0.044 2.03 110 2100  
3.2. Wave conditions

All random sea-states within this work are based upon a jonswap
frequency spectrum (Hasselmann et al., 1973) given by:

𝑆𝜂𝜂(𝑓 ) =
𝛼𝑔2

(2𝜋)4𝑓 5
exp

[

−5
4

(

𝑓
𝑓𝑝

)−4
]

𝛾𝐺(𝑓 ), (2)

where 𝐺(𝑓 ) = exp

[

−1
2

(𝑓∕𝑓𝑝 − 1
𝜎

)2]

, (3)

𝛾 is the peak enhancement factor, 𝛼 the energy scale factor, 𝑓𝑝 the 
spectral peak frequency and 𝑔 = 9.81ms−2 the gravitational accelera-
tion. The peak width parameter is defined as 𝜎 = 0.07 for 𝑓 ≤ 𝑓𝑝 and 
𝜎 = 0.09 for 𝑓 > 𝑓𝑝 (Holthuijsen, 2007). The (frequency-independent) 
directional spreading function 𝐷(𝜃) is defined as a wrapped normal 
distribution: 

𝐷(𝜃) = 𝐴
𝜎𝜃

exp

(

−𝜃2

2𝜎2𝜃

)

, (4)

where 𝐴 is a normalising parameter and 𝜃 represents the propaga-
tion angles of individual wave harmonics relative to the mean wave 
direction. The directional spread is, thus, controlled by the standard 
deviation of the normal distribution, 𝜎𝜃 . The two–dimensional wave 
spectrum, 𝐸(𝑓, 𝜃), is then given by: 
𝐸(𝑓, 𝜃) = 𝑆𝜂𝜂(𝑓 )𝐷(𝜃), (5)

Using Eq.  (5), the present study defines a wide range of sea-states 
using four parameters: the significant wave height (𝐻𝑠), the spectral 
peak period (𝑇𝑝), the peak enhancement factor (𝛾) and the directional 
spreading (𝜎𝜃). These are summarised in Table  1, where SS1 is the base 
case with 𝐻𝑠 = 15m, 𝑇𝑝 = 16 s, 𝛾 = 2.5 and 𝜎𝜃 = 20◦.

The duration of each random realisation is 𝑇𝑑 = 2048 s. With a con-
stant frequency spacing of 𝑑𝑓 = 1∕𝑇𝑑 , each wave frequency spectrum is 
defined by at least 3000 Fourier components, which is sufficient to en-
sure appropriate representation of sea-state randomness (Karmpadakis, 
4 
2019). The data within the table and for the remainder of the paper 
are all expressed in prototype scale, unless otherwise stated. Using SS1 
as the ‘central case’, the four sea-state parameters are systematically 
varied to define the other sea-states. It should be noted that all sea-
states are associated with an effective water depth equal to or larger 
than 𝑘𝑝𝑑 = 2.03, where 𝑘𝑝 is the wave number associated with 𝑇𝑝, 
representing intermediate to deep water conditions. The steepness of 
these sea-states is such that they represent realistic design conditions, 
and are substantially affected by non-linear effects (Latheef and Swan, 
2013; Karmpadakis et al., 2019).

3.3. Topside model and load measurement

A realistic topside model is considered within the present study. The 
internal arrangements of this structure is illustrated in Fig.  3, which 
presents views from both above and below. The deck is constructed 
with open grating similar to a wide range of offshore platforms, al-
lowing water to enter or exit the topside through the floor. Fig.  3(c) 
provides a schematic showing the alignment of the topside with the 
wave gauge array and the axis of the wave basin, with the tanks/con-
tainers facing the incident waves. The elevation of the topside is 
adjusted to maintain an air-gap of ℎ𝑑 = 12.5m. A jacket sub-structure 
is not included. As such, the incident wave condition is undisturbed 
until it reaches the topside. This is consistent with the ‘slender-body’ 
assumption for typical jacket structures where the incident wave is 
virtually undisturbed by the sub-structure, as well as allowing the 
present study to focus on wid loading. Whilst this may exclude the 
situations where the incident wave conditions are amplified due to the 
presence of, for example, densely-packed riser arrays, it is outside the 
scope of the present investigation. The loading arising on the topside 
is measured using a bespoke 6-degree-of-freedom load cell, sampling 
at 12 kHz. For a detailed explanation of the model topside, the load 
measurement system, along with a full validation of its measurements, 
quality control and data post-processing, the readers are referred to Ma 
and Swan (2020a, 2023a). It should be noted that although the data 
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Fig. 3. Dimensioned and annotated photographs of the realistic model topside, viewed (a) from above and (b) below, as provided by Ma and Swan (2023a). Subplot (c) is a 
schematic showing the plan view of the topside in relation to the central part of the wave gauge (WG) array superimposed. The axes are consistent with those given in Fig.  2(b). 
The blue dots indicate the positions of the wave gauges. Dimensions are provided in laboratory scale.
used for the present study relates to a single topside structure with 
fixed elevation and orientation, the analysis and the results will provide 
insights that are generally applicable to other structures.

4. Data and analysis approach

Once the data are collected, analyses are performed on a wave-by-
wave basis. First, wid loading events are identified from the horizontal 
force time-histories, 𝐹𝑥(𝑡). The corresponding wave event, with data 
from all wave gauges, is then isolated from the incident free-surface 
measurements. This provides a complete space–time record of the 
undisturbed wave evolution, 𝜂(𝑥, 𝑦, 𝑡), over the approximate footprint 
of the topside structure. The maximum values observed in 𝜂(𝑥, 𝑦, 𝑡) and 
𝐹𝑥(𝑡) yield the maximum wave crest elevation (𝜂𝐴𝑐 ) and the maximum
wid loading (𝐹𝑥), respectively. It is exactly this analysis that produced 
the random wave data presented in Fig.  1(a). Second, 𝜂(𝑥, 𝑦, 𝑡) is further 
processed to generate a list of key parameters (see Section 4.1 and 
Table  2), relating the incident wave evolution and loading process. 
These are used alongside estimates of wave kinematics (Section 4.2) to 
derive an artificial neural network model (see Section 4.3). The latter is 
employed to explore the correlation between these key parameters and 
the corresponding wid loading (𝐹𝑥), utilising its capability to efficiently 
analyse large datasets. These steps are discussed in more detail in the 
following sections.

4.1. Parametrising a free-field incident wave profile

For qd focused waves, the maximum wid loading, 𝐹𝑥, is primarily 
driven by two parameters, the maximum volume of water that enters 
the deck (𝑉 ), and the associated maximum horizontal water particle 
max
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kinematics (𝑢max). The large variability of incident wave forms observed 
in random waves requires a few more parameters to be considered. 
This is to ensure that the unique shape and evolution of each incident 
wave event are adequately represented in studying their correlation 
with 𝐹𝑥. A full list of the parameters considered herein is provided 
in Table  2 alongside their description. These include common zero-
crossing quantities such as wave crests, 𝜂𝑐 , heights, 𝐻 , and periods, 
𝑇 , derived using zero-crossing analyses. The various definitions of 
these quantities are illustrated in Fig.  4(a) using an example random 
wave recorded on a single wave gauge, whilst Fig.  4(b) provides an 
additional illustration for the definition of 𝑉max. In addition, several 
derived variables such as the local asymmetry measures (e.g. 𝛼, 𝛽) and 
steepnesses (e.g. 𝑆𝑡1, 𝑆𝑡2) are also used with the aim to better describe 
the incident wave characteristics.

Finally, the local spectrum is used to derive representative indi-
vidual wave properties that could be important in the context of wid
loading. These include, for example, the focal quality (𝑄) (Johannessen 
and Swan, 2003), mean spectral frequency (𝑓 ), spectral bandwidth 
(𝜈) and directional spreading (𝑆) (Donelan et al., 1996) of individual 
waves. This last set of parameters requires the definition of a local 
spectrum for individual waves. While Fourier decomposition is typical 
for the analysis of entire sea-states, such short signals require a wavelet-
type analysis (see, e.g. Powers et al., 1998; Krogstad et al., 2006; Ma 
et al., 2010). A variant of this, the Stockwell Transform (Stockwell 
et al., 1996), is adopted in the present study to obtain the local 
spectrum. This is defined as: 

𝑆𝑙(𝜏, 𝑓 ) = ∫

∞

−∞
ℎ(𝑡)

|𝑓 |
√

2𝜋
𝑒−

(𝜏−𝑡)2𝑓2
2 𝑒−𝑖2𝜋𝑓𝑡𝑑𝑡, (6)

where 𝑆𝑙 is the local spectrum, 𝜏 the time, 𝑓 the frequency and ℎ(𝑡) the 
time-series signal. Similar to the Fourier spectrum, the local spectrum 
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Fig. 4. (a) An example of a random wave record measured on a single wave gauge, showing the definition of the notation adopted within the present study. (b) An example of 
an incident wave crest entering the space occupied by a deck structure. In this case 𝑉max is defined as the integral volume of the part of the wave that is within the deck; the 
latter represented by the grey box.
Table 2
A list of key parameterisation of the incident wave profile, 𝜂(𝑥, 𝑦, 𝑡).
 Parameter Definition  
 𝑉max The maximum volume of water that would enter the topside structure. This value is computed as the 

spatial integral of the free-field surface elevation that is within the structure, illustrated in Fig.  4(b) 
and further explained in the captions.

 

 𝜂𝑐 The wave crest height measured at a single wave gauge.  
 𝐻 The wave height defined with an up-crossing analysis, 𝐻 = 𝜂𝑐 − 𝜂𝑡𝑏.  
 𝜂𝑐∕𝐻 The wave crest-to-height ratio as a measure of second-order contributions.  
 𝛽 = 𝜂𝑡𝑓 ∕𝜂𝑡𝑏 The front–back trough ratio which provides an indication for horizontal wave asymmetry. Lindgren 

and Prevosto (2021) reported a link between such an asymmetry and the orientation of particle orbits.
 

 𝛼 = 𝑇𝑡𝑐∕𝑇𝑐𝑡 Alternative measure of the front–back wave asymmetry using wave periods: 𝑇𝑡𝑐 = 𝑡𝑐 − 𝑡𝑡𝑓  and 
𝑇𝑐𝑡 = 𝑡𝑡𝑏 − 𝑡𝑐 .

 

 𝑆𝑡1 = 𝜂𝑐𝑘𝑡𝑡 Crest steepness associated with the trough-to-trough wave number, 𝑘𝑡𝑡, related to the period 𝑇𝑡𝑡
through the linear dispersion equation.

 

 𝑆𝑡2 = 𝜂𝑐𝑘𝑡𝑐 Front-face crest steepness associated with the trough-to-crest wave number 𝑘𝑡𝑐 calculated using 2𝑇𝑡𝑐
(Stansberg, 2020).

 

 𝑆𝑡3 = 𝜂𝑐𝑘𝑐𝑡 Back-face crest steepness defined as above, but using 𝑘𝑐𝑡.  
 𝑄 =

∑

𝑖 𝑎𝑖 cos(𝜙𝑖 )
∑

𝑖 𝑎𝑖
Focal quality of a wave (Johannessen and Swan, 2003), defined by the amplitude, 𝑎𝑖, and relative 
phasing, 𝜙𝑖, of the 𝑖th frequency component in the local spectrum Eq. (6).

 

 𝛩 =
∑

𝑖 𝑎𝑖𝜃𝑖∕
∑

𝑖 𝑎𝑖 Weighted mean (individual) wave propagation direction calculated using the direction of travel of the 
𝑖th spectral component, 𝜃𝑖, following the method of Donelan et al. (1996) and the local spectrum.

 

 𝑆 =
∑

𝑖 𝑎𝑖 cos(𝜃𝑖−𝛩)
∑

𝑖 𝑎𝑖
Directional spreading of individual waves calculated as above.  

 𝑓 = 𝑚1∕𝑚0, Spectral mean frequency using the first two spectral moments (𝑚0, 𝑚1) of the local spectrum.  
 𝜈 =

√ 𝑚0𝑚2

𝑚2
1

− 1 Spectral bandwidth calculated using 𝑚0, 𝑚1 and 𝑚2 from the local spectrum.  
can be used to derive spectral moments, 𝑚𝑛, as 

𝑚𝑛 = ∫

∞

−∞
𝑓 𝑛𝑆𝑙(𝜏, 𝑓 )𝑑𝑓 , (7)

where 𝑛 denotes the order of the moment.

4.2. Water particle kinematics

Considering the contribution of the horizontal water particle veloc-
ity, 𝑢 on 𝐹𝑥, an effort is made to best approximate it using free-surface 
quantities. This is because measuring wave kinematics in both experi-
mental and field settings is considerably more difficult and less accu-
rate than surface elevations. For this reason, we employ the method 
proposed by Grue et al. (2003) to estimate 𝑢 as: 
𝑢 = 𝜖

√

𝑔∕𝑘𝑒𝑘𝑧, (8)

where 𝑔 is the gravitational acceleration, 𝑘 the wave number, 𝑧 the 
vertical coordinate measuring upwards from the still water level and 
𝜖 the wave steepness which is, in turn, only dependent on 𝜂  and 𝑘. 
𝑐

6 
As such, an approximation of the horizontal kinematics at any given 
elevation can be entirely defined using quantities derived from the 
free-surface measurements.

Whilst 𝜂𝑐 can be directly taken from the measured surface elevation, 
an ambiguity arises in the estimation of 𝑘, which is related to the wave 
period 𝑇  through the dispersion equation. However, several definitions 
(e.g., trough-to-trough, crest-to-trough) can be used for describing wave 
period of irregular (random) waves (Guedes Soares et al., 2004). Upon 
testing the available variants, the present work proposes a local spectral 
mean frequency (𝑓 ), defined in Table  2, as a measure of the local wave 
frequency of individual random waves. The local wave period is then 
calculated as 𝑇 = 1∕𝑓 .

The appropriateness of Eq.  (8), applied with the above-mentioned 
definition of the wave number 𝑘 through 𝑓 , is demonstrated in Fig. 
5. Sub-plot (a) compares Grue et al.’s (2003) estimation, 𝑢̂max, with 
the maximum horizontal water particle velocity under the wave crest 
(𝑢max) calculated using a second-order random wave theory (Sharma 
and Dean, 1981). The comparison is carried out for the largest waves 
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Fig. 5. A comparison between the estimated maximum horizontal water particle velocities following Grue et al. (2003) (𝑢̂max) and calculations using a (a) second-order calculation 
following Sharma and Dean (1981) and (b) fully-nonlinear Boundary Element Method (bem) (Hague and Swan, 2009). The data presented in (a) are based upon sea-state SS1 and 
those in (b) on qd waves by Ma and Swan (2020a).
arising from the random sea-state SS1. In Fig.  5(a), the ratio 𝑢max∕𝑢̂max is 
centred around 0.85, with a small standard deviation of 0.08, indicating 
the success of this approach. Putting this into context, if the trough-to-
trough period was adopted as the local wave period instead of 1∕𝑓 , this 
standard deviation would increase to 0.19. In fact, the proposed method 
outperforms any other wave periods based on a zero-crossing analysis. 
This arises because all other measures of the local wave period are 
significantly affected by the shape of the adjacent troughs. Therefore, 
it does not effectively capture information about the wave crest itself. 
In contrast, the local mean wave frequency (𝑓 ) is determined directly 
at the wave crest, making it a more appropriate measure.

Furthermore, the proposed method is also compared to
fully-nonlinear calculations in Fig.  5(b). In this case, the calculations 
are based upon a simulation using the Boundary Element Method 
(bem) (Hague and Swan, 2009), modelling the qd focused wave cases 
adopted by Ma and Swan (2020a). Once again, the ratio 𝑢max∕𝑢̂max clus-
ters tightly around 0.8 with a standard deviation of 0.06. In reviewing 
these results, it should be noted that Alberello et al. (2018) previously 
reported an under-estimation of velocities at the wave crest by Grue 
et al.’s (2003) method. Despite some differences in the implementation 
of the method, it is accepted that large uncertainties arise in the 
estimation of the wave velocity at the crest. Ideally, the effects of this 
estimation uncertainty would be rigorously quantified by examining 
the statistical relationship between 𝑢̂max and 𝑢max. However, this is 
challenging within the current study (and any random wave study) due 
to the limited availability of 𝑢max data. Nevertheless, considering Fig.  5 
as a whole, 𝑢̂max appears to provide a consistent estimate of 𝑢max which 
is sufficient to support the analysis that follows - especially considering 
that the data-driven part of the methodology is set to identify and 
incorporate any potential bias in estimation methods.

4.3. A data-driven approach to data analysis

The analysis of the correlation between the variables listed in Table 
2 and 𝐹𝑥 is conducted using an artificial neural network (ann), oth-
erwise known as the Multi-Layer Perceptron (Hastie et al., 2009). It is 
one of the simplest and most fundamental machine learning models. An
ann consists of an input layer, one or more hidden layers and an output 
layer. Each layer consists of a set of nodes (or neurons). Information 
starts from the input layer, travels through the hidden layers and finally 
arrives at the output layer. With each neuron connected to all neu-
rons in adjacent layers, they form a feed-forward and fully-connected 
structure.

While neurons in the input layer hold the input/independent vari-
ables of the model, each neuron in the (intermediate) hidden layers per-
forms two types of transformations. The first is a linear transformation 
7 
defined as: 
𝑧 = 𝛽0 + 𝛽1𝑎1 + 𝛽2𝑎2 +⋯ + 𝛽𝑛𝑎𝑛, (9)

where 𝛽𝑖 is the weight, 𝑎𝑖 the value from the 𝑖th neuron from the 
previous layer and 𝑛 the number of neurons in the previous layer. This 
linear transformation is followed by a nonlinear one, which is a pre-
defined activation function. For this step the present study adopts the 
ReLU function: 
ReLU(𝑧) = max(0, 𝑧). (10)

Finally, neurons in the output layer perform a further linear transfor-
mation (Eq. (9)) to generate the final output. The power of this model 
lies in its universality; even a network with just one hidden layer can 
approximate any continuous function with enough neurons (Hornik 
et al., 1989).

Within the present study the structure of the ANN model, specifi-
cally the number of hidden layers and the number of neurons in each 
hidden layer, is optimised following a grid search approach. The chosen 
structure represents the best prediction accuracy during a 5-fold cross-
validation. For example, the initial ann model employs a large input 
layer consisting of 482 nodes representing the free-surface parameters 
(see Section 5.1) and a single-node output layer representing 𝐹𝑥. Be-
tween these, three hidden layers are used, with the number of nodes 
gradually reducing to 300, 30, and 9, respectively.

Training the ann involves optimising the 𝛽 coefficients in the net-
work to minimise a loss function, which quantifies the overall dis-
crepancy between the predicted and known output values in a cer-
tain dataset; the latter is referred to as the training set. The back-
propagation algorithm (Bishop, 1995) is traditionally used for training, 
which calculates the partial derivatives of the loss function with respect 
to each 𝛽 coefficient using the chain rule. These partial derivatives 
guide an iterative adjustment process of each coefficient, reducing the 
loss function step-by-step until it reaches a minimum. In this study, a 
Limited-memory Broyden–Fletcher–Goldfarb–Shanno (L-BFGS) optimi-
sation algorithm (Nocedal and Wright, 2006) is used for the training 
of the ann model. The stopping criteria for training relies solely on the 
convergence of the L-BFGS optimiser.

4.4. Importance of individual input variables

A preliminary assessment of the relative importance of the input 
variables is performed using the Mutual Information (mi) (Shannon, 
1948), which is a measure of the ‘amount of information’ obtained for 
one variable by observing another variable. It is defined as: 

MI =
∑ ∑

𝑝(𝑥, 𝑦) log
(

𝑝(𝑥, 𝑦)
𝑝(𝑥)𝑝(𝑦)

)

, (11)

𝑦∈𝑌 𝑥∈𝑋
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where 𝑋, 𝑌  are observations of the two random variables and 𝑝 the 
probability distribution function. In the present study, 𝑌  is always 𝐹𝑥
and 𝑋 could be all independent variables (as defined in Table  2). The 
ones with larger mi values are likely to be more important.

In order to better determine which wave properties have unique 
(non-redundant) and important effects on 𝐹𝑥, a backward elimination 
method (Guyon and Elisseeff, 2003) is also adopted. Starting from all 
available independent variables, the least promising ones are progres-
sively removed until a stop criterion is reached. In this case the mi
analysis above provides a good indication on the order of parameter 
removal. The decision to whether a parameter is eliminated is based 
upon its level of redundancy; the latter is deduced from the change in 
the overall prediction accuracy of a model when it is removed from 
the inputs. In this research, the backward elimination is implemented 
with the ann model, where the prediction accuracy is quantified using 
a root-mean-square error (rmse) such that: 

RMSE =

√

√

√

√

1
𝑛

𝑛
∑

𝑖=1
(𝐹𝑥,𝑖 − 𝐹𝑥,𝑖)2, (12)

where 𝑛 is the number of observations, 𝐹𝑥,𝑖 and 𝐹𝑥,𝑖 are respectively 
the 𝑖th measurement and model output (or ‘prediction’). A smaller
rmse suggests better agreement between the output and the measured 
data. Indeed, the rmse is closely related to the loss function adopted 
for the ann model and directly reflects the optimal performance of 
the model given a certain set of inputs. As such, a parameter is less 
important if its removal leads to an insignificant deterioration, or even 
improvement, of the prediction accuracy. For the present paper, the 
elimination process is summarised into the following steps:

(1) Investigate the relative importance of the parameters using mi.
(2) Remove the least promising independent variable from the in-

put.
(3) Train a new ann model with the remaining set of variables; 

evaluate its rmse in a dataset that was not used for training.
(4) Accept the removal if the increase in rmse is ≤ 10% of the value 

given by the original model utilising all inputs, revert otherwise.
(5) Repeat steps (2) – (4) until attempts have been made to remove 

all independent variables.
(6) Reintroduce the removed variables one at a time and re-evaluate.

Accept if the inclusion of this variable reduces the rmse > 10%.
(7) Attempt all combinations of the remaining variables and select 

the one combination with the best accuracy.

5. Results

5.1. Relative importance of key parameters

The present section discusses the results of the mi and backward 
elimination analyses as outlined in Section 4.3 above, undertaken using 
the parameters listed in Table  2 as inputs to the ann model. In total, 
14 parameters are listed. Whilst the computation of 𝑉max requires 
data from all wave gauges, the other 13 can be calculated using data 
collected on any of the wave gauges depicted in Fig.  3(c). There are 
35 wave gauges that overlap with the plan area of the topside model 
(WG8-WG42). Together with the wave gauges immediately upstream 
(WG50) and downstream (WG51) of the structure, data from 37 wave 
gauges are potentially the most relevant in terms of their influence on 
𝐹𝑥. As such, the total number of independent variables is 1 + 13 × 37 =
482, which forms a high-dimensional parameter space.

Adopting an mi analysis, Fig.  6 demonstrates the relative importance 
of wave gauge locations with a contour plot of the average mi values 
of all properties in Table  2 on each wave gauge. The contour is plotted 
side-by-side with the plan view of the topside structure. Since both the 
plan view of the structure and the contour are symmetric about the 
centre-line (at 𝑦 = 0m), one half of each is presented. It is clear that 
8 
the information gathered close to the centre of the topside (𝑥 = 𝑦 = 0m) 
is associated with the highest mi metric. This is where the deck is the 
most densely-packed (featuring a blast wall and equipment/machinery 
as shown in Fig.  3) and is therefore likely where the momentum is 
transferred at the highest rate, leading to increases in 𝐹𝑥. In addition, 
the mi values are generally higher on the upstream (−𝑥) side of the 
structure, indicating the higher importance of the data gathered by 
the wave gauges in this region. This is expected as the upstream side 
is often the first point of contact for any undisturbed incident wave 
momentum.

From this initial analysis, it is clear that most of the 482 variables 
are expected to have a relatively small influence on 𝐹𝑥. The reason for 
this is three-fold:

(i) Measurements at adjacent wave gauges are highly correlated. 
The spacing between two neighbouring gauges is approximately 
1m in prototype scale. This is much smaller compared to the 
wave-length associated with the spectral peak period (approxi-
mately 400m in the case of 𝑇𝑝 = 16 s). The variation in the wave 
profile is generally continuous and is therefore relatively small 
between these adjacent gauges. Consequently, the inclusion of 
wave gauges that are immediately next to each other will likely 
provide little extra information.

(ii) Some parameters at certain locations are less important. For 
example, it is reasonable to expect that the wave steepness at 
the rear corner of the structure (WG42) to exert little influence 
on 𝐹𝑥.

(iii) The information incorporated by some wave properties are read-
ily included in others. For instance, the front–back asymmetry 
(𝛼) can potentially be inferred via the front-, central and back-
face steepness values (𝑆𝑡2, 𝑆𝑡1 and 𝑆𝑡3 respectively), calculated 
using different measures of the wave period.

Indeed, this final point is illustrated in Fig.  7, where the mi values 
for all parameters are presented in a ranked order. The mi values are 
averaged across all wave gauges (with the exception of 𝑉max which 
utilises the data from all wave gauges to compute). Among all the pa-
rameters, the leading wave properties are 𝑉max and 𝜂𝑐 . However, whilst
mi provides a good indication on which parameters are more influential 
on 𝐹𝑥, it can only be used as a preliminary measure. This is because 
there is no clear limit in the mi value below which an independent 
variable can be deemed as ‘not important’. Moreover, mi cannot identify 
potential high correlation between independent variables. Specifically, 
two independent variables could both have high mi values but contain 
similar information. For instance, the wave height 𝐻 is associated with 
a very high mi value, but also highly correlated to 𝜂𝑐 , due to the fact 
that a wave with large 𝜂𝑐 is statistically expected to have large 𝐻 . When 
the effect of 𝜂𝑐 is considered, the inclusion of 𝐻 could be redundant.

To improve this and provide a more detailed insight, the backward 
elimination procedure was applied. In this case the steps outlined in 
Section 4.4 are performed for three rounds. Whilst all three rounds 
of backward elimination share exactly the same procedure, they focus 
on different groupings of the parameters. The first round addresses 
the wave gauges. In this round all the parameters associated with 
the same wave gauge are treated as one group and are removed or 
added simultaneously. Moreover, the data arising from symmetric pairs 
of wave gauges are also placed in one group, due to the fact that 
the topside is symmetric about the centre-line; the latter aligned with 
the mean wave direction. As such, information on wave gauges at 
symmetric locations must have identical importance.

Fig.  8 illustrates the change in rmse when wave gauges are progres-
sively removed without reverting. The vertical axis measures the model 
accuracy and the horizontal axis denotes the number of wave gauges 
that remains in the input. It is noted that the rmse is normalised by the 
standard deviation of the measured data. In general, the rmse increases 
as the number of wave gauges reduces. However, such increase is very 



C. Huo et al. Applied Ocean Research 162 (2025) 104726 
Fig. 6. A contour of the average mi values of all wave properties (from Table  2) on each wave gauge. The contour is plotted side-by-side with the plan view of the structure. 
Only half of the contour and half of the plan view are plotted, as their other halves are mirror images of the presented ones. Note that the contour plot does not cover the whole 
length of the topside due to the arrangement of the wave gauge array (see Fig.  3(c)). Dimensions are given in laboratory scale.
Fig. 7. Mutual Information of all free-surface parameters listed in Table  2. The values 
presented are the average across all wave gauges.

Fig. 8. The overall accuracy of an ann model when data from each wave gauges are 
progressively removed (without reverting).

gradual until the last 6 gauges remain. This observation reflects the 
level of redundancy in the original set of inputs and confirms that 
data from most of the gauges can indeed be removed without signif-
icantly affecting the output. Interestingly, the change in rmse becomes 
significantly larger when data from the last 6 remaining gauges are 
9 
removed, indicating their significance. This is consistent with the fact 
that the order of removal is guided by the mi analysis discussed above, 
where the data relating to the least important wave gauges are removed 
first. When the remaining number of gauges reduces to zero, only 𝑉max
remains in the input. In this case, the model accuracy is much lower in 
comparison to the situation where the information on 6 wave gauges 
was included. Indeed, this provides the first evidence that at least 
some wave properties identified in Table  2 (other than 𝑉max) have a 
significant influence on 𝐹𝑥.

Based upon the results of the first round of backward elimination, a 
second round is applied on the wave properties. Specifically, one wave 
parameter is removed altogether from the inputs at a time, irrespective 
of the wave gauge that acquired the data. With the remaining variables, 
a third round is carried out on individual parameters, treating each 
parameter measured on each wave gauge as a single entity. The final 
remaining independent variables are summarised in Table  3. Interest-
ingly, only 11 wave properties remain, thus significantly reducing the 
parameter size from the original 482. The elimination process ensures 
that the removed variables are either relatively insignificant in terms 
of their effect on 𝐹𝑥, or their influence is already incorporated in other 
wave properties. As such, the final set represents an optimal balance 
between a small redundancy and a high level of influence on 𝐹𝑥.

Whilst the backward elimination results presented in Table  3 are 
consistent with those derived from the mi analysis, they provide addi-
tional clarity and insight. Taking each parameter in turn, 𝑉max, calcu-
lated using the data collected from all wave gauges, is identified as a 
major factor in determining the magnitude of 𝐹𝑥. This is expected, as 
the mass-flux of water entering the deck structure plays a critical role in 
the rate of momentum transfer. Interestingly, 𝜂𝑐 , measured at six wave 
gauge (WG) locations, also appears to be significant. Examining the 
locations of these wave gauges (see Fig.  3(c)) reveals their relevance 
to key elements of the topside structure, including:

(a) The front-centre (WG50, WG22) of the structure, where momen-
tum transfer is typically at its maximum.

(b) The lateral extent of the structure (WG9, WG37), indicating how 
off-centred the incident wave crest is relative to the structure. 
This affects both the area of the structure being loaded and the 
associated water particle velocities.

(c) Locations before and after key structural elements that dissipate 
significant fluid momentum. For example, a fully-plated blast 
wall exists between WG25 and WG26.

Following on, the combination of 𝜂𝑐 and 𝑓 determines 𝑢max (see 
Section 4.2), which is another critical factor in the momentum transfer 
process. Finally, 𝑄, representing the ‘goodness of focus’ of individual 
wave components, appears significant at two points, spaced apart, 
along the centre-line of the structure. This indicates the persistence 
of 𝑉max and 𝑢max values as the waves propagate through the topside 
structure. Taken together, these findings suggest:
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Table 3
Result of the backward elimination process, providing a set 
of the most important wave properties in determining the 
magnitude of 𝐹𝑥. The parameters are specified along with the 
wave gauges at which they are measured (see Fig.  3(c)).
 Parameters Wave gauges  
 𝑉max all  
 𝜂𝑐 50, 22, 25, 26, 9, 37 
 𝑓 50, 26  
 𝑄 50, 26  

(1) 𝑉max and 𝑢max remain the primary drivers of 𝐹𝑥 in random seas.
(2) The additional variability in 𝐹𝑥 is related to the more varied 

spatial and temporal evolution of the incident wave crests.

All sea-states considered in this study yield similar results. This 
confirms that the applied wid loading is fundamentally determined by 
the rate of momentum transfer. Assuming the same topside structure, 
this momentum is governed by 𝑉max and 𝑢max. On a wave-by-wave 
basis, provided these terms are adequately defined, other less direct 
parameters such as directionality and spectral bandwidth, become less 
significant. Within the following sections, the effects of 𝑉max and 𝑢max, 
as well as trends in 𝐹𝑥 resulting from variations in sea-state parameters, 
will be discussed in further detail.

5.2. Effects of the volume of water entering the topside

Fig.  9(a) illustrates the dependence of 𝐹𝑥 on 𝑉max. Utilising data 
from SS1, this figure provides a scatter plot of 𝐹𝑥 against 𝑉max. An 
Ordinary Least Squares (ols) regression was performed to these data 
such that: 

𝐹𝑥 = 𝛽0 + 𝛽1𝑉max + 𝜖, (13)

where 𝛽0 and 𝛽1 are the fitted constants and 𝜖 the residual. In this 
case the goodness of fit is assessed via the coefficient of determination, 
defined as: 

𝑅2 =
∑

𝑖(𝐹𝑥,𝑖 − 𝐹𝑥)2
∑

𝑖(𝐹𝑥,𝑖 − 𝐹𝑥)2
(0 ≤ 𝑅2 ≤ 1.0), (14)

where 𝑖 is the index of each data point, 𝐹𝑥 the mean value of the mea-
sured loading and 𝐹𝑥,𝑖 the prediction provided by the ols regression. 
Upon examining Fig.  9(a), it is evident that 𝐹𝑥 is linearly dependent 
on 𝑉max. With 𝑅2 = 0.90, the data shows minimal scatter, indicating 
that most of the variation in 𝐹𝑥 can be attributed to changes in 𝑉max. 
Notably, 𝑉max provides a better fit to the data than the conventionally 
adopted crest height elevations, 𝜂𝑐 or 𝛥𝜂 (see Fig.  1). This suggests that 
the overall wave shape, in addition to the level of inundation, 𝛥𝜂, plays 
a critical role in determining the magnitude of wid loading.

The strong dependence of 𝐹𝑥 on 𝑉max can be explained by two 
factors. First, the sea-state (SS1) does not include a large amount of 
breaking waves, and second, the spatial evolution of waves in a random 
sea is more varied. Both factors reduce, on average, the likelihood of 
impulsive loads occurring, as these require a breaking wave impacting 
near the front-centre of the topside structure. However, it is important 
to note that the worst-case 𝐹𝑥 remains governed by impulsive loading 
caused by breaking waves. In such cases, the significance of 𝑢max
increases while that of 𝑉max drops, as highlighted in previous studies. 
Indeed, as shown in Fig.  9(b), when considering the steepest sea-
state in the dataset (SS5) where wave breaking is more prominent, 𝑅2

reduces to 0.83, indicating a weaker dependence on 𝑉max under these 
conditions. It is noted that the p-values of both ols fits are less than 
1×10−4. The observed pattern is consistent for all the sea-states involved 
in this study.
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5.3. The effect of water particle kinematics

Within Eq. (13) the residual, 𝜖 = 𝐹𝑥 − 𝐹𝑥, represents the remaining 
variation in 𝐹𝑥 after isolating the influence of 𝑉max. Fig.  10 investigates 
the correlation of this residual with Grue et al.’s (2003) estimate of the 
maximum horizontal water particle velocities, 𝑢̂max. This was calculated 
using the crest elevation and 𝑓 measured at WG25 in sea-state SS1. In 
sub-plot (a) the residual is positively correlated to 𝑢̂2max with 𝑅2 = 0.14.1 
In other words, waves with larger 𝑢̂max are expected to be associated 
with larger 𝐹𝑥, assuming constant 𝑉max. Interestingly, when considering 
a steeper sea-state, SS5, 𝑅2 increases to a value of 0.27, signifying a 
much larger dependence of 𝐹𝑥 on the velocities due to an increase in 
the occurrence of breaking waves.

It should be noted that within this figure, sub-plot (a) contains 
loading data caused by those incident waves reaching their maximum 
crest elevation before propagating to the centre of the structure (i.e. 𝜂𝐴𝑐
observed upstream of WG25). In contrast, sub-plot (b) contains data 
associated with incident waves where 𝜂𝐴𝑐  was attained downstream of 
WG25. In this latter case 𝑅2 = 0 at a significance level of 1%.

Whilst the 𝑝-value for the ols regression in sub-plot (a) is less than 
1 × 10−4, it is equal to 0.282 in sub-plot (b).

The explanation for this difference lies in the behaviour of the 
underlying wave frequency components. When these components focus 
to attain 𝜂𝐴𝑐  (and the underlying velocities approaching 𝑢max) at the 
front half of the topside structure, they tend to ‘phase lock’ (Gibson 
and Swan, 2007) and remain focused as they propagate through the 
rest of the structure. In this case the actual velocities arising during 
the loading process are more accurately and persistently represented 
by 𝑢̂max, resulting in a stronger correlation between 𝐹𝑥 and 𝑢̂2max. The 
relationship between these variables is again consistent for all the 
sea-states in Table  1.

In performing the above analysis, it should be noted that 𝑢max is 
generally not entirely independent of 𝑉max. However, the dependence 
appears to be weaker in random seas compared to qd focused waves. 
Evidence of this is provided in Fig.  11, which plots 𝑉max against 𝑢̂max
for a set of wave events in SS1. For comparison, the same data for
qd focused waves are also included. In order to facilitate a more 
direct comparison, in both cases the wave events have very similar 
𝜂𝐴𝑐 , where 15.5m ≤ 𝜂𝐴𝑐 ≤ 16.5m. With 𝜂𝐴𝑐  being held close to each 
other, smaller 𝑉max typically corresponds to a steeper wave profile. For 
the qd focused waves, this reduced steepness results in an expected 
increase in 𝑢̂max. In contrast, the random wave data (black dots) show 
little correlation between these two quantities. This difference can be 
explained by the fact that qd waves are generated along the centre-
line of the topside structure (𝑦 = 0m) and are designed to ensure the 
maximum crest elevation (𝜂𝐴𝑐 ) occurs within the structure’s footprint. 
Under these conditions, 𝑢max almost always occurs during the wave-
structure interaction. In contrast, for random waves, this occurs less 
consistently, leading to weaker correlation between 𝑉max and 𝑢max.

Taken together, the above observations provide further explanation 
for the identified key parameters listed in Table  3. In random seas, 
while 𝐹𝑥 remains primarily dependent on the incident wave momen-
tum, represented by 𝑉max and 𝑢max, the variability of incident wave 
forms leads to more diverse loading conditions compared to qd focused 
waves. As a result, additional parameters are necessary to accurately 
determine the applied loading. These include 𝜂𝑐 measured at multiple 
locations to capture spatial variations and 𝑄 to account for the temporal 
persistence of the maximum crest and velocities. Furthermore, since 
𝑢max is dependent on both 𝜂𝑐 and 𝑓 as expressed in Eq.  (8), 𝑓 becomes 
critical as it provides the remaining missing information required to 
characterise the kinematics.

1 𝑢̂2max is adopted in this linear regression since force is typically linearly 
related to velocity squared.
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Fig. 9. Correlation between 𝑉max and 𝐹𝑥 arising in (a) SS1 and (b) SS5. The correlation is assessed using an Ordinary Least-Square (ols) fit.
Fig. 10. Scatter plots of 𝜖 = 𝐹𝑥 − 𝐹𝑥 and 𝑢̂2𝑚𝑎𝑥; the latter evaluated using the free-field water surface elevation measured at WG25 in SS1. (a) Data corresponding to waves reach 
their maximum 𝜂𝐴𝑐  upstream and (b) downstream of WG25.
Fig. 11. A comparison between random and qd focused waves in terms the relationship 
between 𝑉max and 𝑢̂max. The presented wave events are selected from Fig.  1(a) where 
15.5m ≤ 𝜂𝐴𝑐 ≤ 16.5m.

5.4. Variation of sea-state parameters

The present section evaluates the variation in the mean 𝐹𝑥 as the 
sea-state changes. This is important because, in practice, the annual 
probability of failure is jointly influenced by all possible sea-states that 
may occur at the structure. Based on earlier discussions, the focus will 
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be on two key parameters, 𝑉max and 𝑓 , and their variation with the 
sea-state parameters. Fig.  12 presents the QQ-plots as the sea-state 
parameters vary, whereas Fig.  13 provides the corresponding changes 
in 𝑉max, 𝑓 and 𝐹𝑥; the quantities being averaged for the loading events 
associated with 15.5m ≤ 𝜂𝐴𝑐 ≤ 16.5m. Taking each pair of sub-plots in 
these two figures in turn:

(a) With all other parameters held constant and varying the di-
rectional spreading, 𝜎𝜃 , 𝐹𝑥 appears to reduce with increasing 
𝜎𝜃 for a given level of inundation. This is entirely consistent 
with expectations, as increased directionality leads to reduced 
𝑉max and 𝑢max; both due to the more short-crested nature of 
the incident waves. This is confirmed in Fig.  13(a), showing 
that both 𝑉max and 𝑓 (which is positively correlated with 𝑢max) 
decrease, leading to a corresponding reduction in 𝐹𝑥. It is also 
interesting to note that the loading variability reduces with 
increasing directional spreading. This reflects a smaller variation 
in the incident wave form due to a reduced nonlinear wave-wave 
interaction when the wave becomes more short-crested (Latheef 
et al., 2017).

(b) Increasing 𝐻𝑠 (while keeping all other parameters constant) has 
a small but measurable effect on the applied wid loading. The 
two sea-states (SS1 and SS5) in Fig.  12(b) have 𝐻𝑠 = 15m and 
𝐻𝑠 = 17.5m, respectively. It was observed that the sea-state 
with lower 𝐻𝑠 yields 𝐹𝑥 larger by up to 10%, particularly for 
𝜂𝐴𝑐 ≥ 15m. This is consistent with the observations in Fig.  13(b), 
where the sea-state with lower 𝐻𝑠 produces larger 𝑓 , leading to 
a larger 𝐹𝑥 for a given 𝜂𝐴𝑐 . At the same time the changes in 𝑉max
are minimal. This behaviour is explained by the fact that for a 
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Fig. 12. QQ-plots showing the influence of sea-state parameters (𝜎𝜃 , 𝐻𝑠, 𝑇𝑝, 𝛾) on the applied wid loading.
Fig. 13. Changes in the 𝑉max, 𝑓 and 𝐹𝑥 with varying sea-state parameters (𝜎𝜃 , 𝐻𝑠, 𝑇𝑝, 
𝛾), averaged for the loading events associated with 15.5m ≤ 𝜂𝐴𝑐 ≤ 16.5m.

similar level of inundation, the sea-state with lower 𝐻𝑠 consists 
of steeper individual waves that are subject to stronger nonlinear 
wave-wave interactions. In contrast, waves of equivalent 𝜂𝐴 in 
𝑐
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SS8 have likely already undergone significant wave breaking 
before loading the topside structure, leading to a reduction in 
the overall wave steepness and the associated velocities.

(c) Figs.  12(c) and 13(c) examine a similar set of comparisons 
related to variations with 𝑇𝑝, suggesting minimal, if any, differ-
ences. While this might seem surprising, as a smaller 𝑇𝑝 typically 
results in steeper waves and thus larger 𝑢max, there may be a 
degree of cancellation with 𝑉max, which decreases as steepness 
increases. Fig.  13(c) clearly illustrates this point.

(d) The peak enhancement factor, 𝛾, does not appear to have a 
significant effect on 𝐹𝑥. As 𝛾 increases, the energy associated 
with high-frequency wave components decreases, causing the 
underlying wave spectrum to become more narrow-banded. This 
reduces the rate of wave evolution, allowing both 𝑉max and 
𝑢max to remain more persistent as the wave propagates through 
the structure. However, the reduction in high-frequency energy 
also reduces the likelihood of nonlinear wave-wave interactions, 
which act to reduce the velocities. These opposing effects result 
in a degree of cancellation, as confirmed in Fig.  13(d).

Taken together, these observations further confirm that the characteris-
tics of wid loading events depend on the properties of individual waves 
rather than the overall sea-state characteristics.

6. WID load predictions using the new data-driven model

Given the physical insights discussed above, it is clear that the 
applied wid loading can be entirely described by the incident wave 
properties. To further demonstrate this point, a final ann model is 
trained on the topside model as given in Fig.  3. The dataset used for 
training comprises 700 randomly selected wid events from SS1, which 
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Fig. 14. A comparison between the measured (true) 𝐹𝑥 and the predicted values. The dataset is collected in (a) sea-state SS1 and (b) SS5. None of the data is used as part of the 
training dataset.
Fig. 15. A comparison between the measured and the predicted uncertainties in 𝐹𝑥 for different levels of 𝜂𝐴𝑐 . Sub-plot (a) presents the mean and its 95% con-
fidence interval for 𝐹𝑥 values at different levels of 𝜂𝐴𝑐 . Sub-plots (b)-(e) present the histograms and the fitted Gamma distributions in individual 𝜂𝐴𝑐  bins: 𝜂𝐴𝑐 ∈
[13.0, 13.5], [14.0, 14.5], [15.0, 15.5] and [16.0, 16.5] m. The data presented relate to SS1.
is only a part of the data measured for SS1. No measure is required to 
prevent overfitting during training.

The accuracy of the model is then tested against experimental data 
completely independent of the training set, generated for the test cases 
given in Table  1. The comparisons that follow verify the predictive 
capabilities of the proposed model and its capacity to capture the 
uncertainty of wid loading in random seas.

Fig.  14(a) and (b) compare the measured and predicted maximum
wid loads, 𝐹𝑥, for two different sea-states, SS1 and SS5, respectively. 
From this figure it is clear that the predicted QQ-plots are in great 
agreement with the experimental measurements. In reviewing this 
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result, it should be noted that Fig.  14(b) corresponds to a very steep 
sea-state, with a considerably higher number of breaking waves and 
instances of low-probability events. This makes it one of the most 
challenging cases to compare against for the reasons discussed in 
Section 5. Despite this, in both cases the agreement is remarkable for 
realistic levels of deck inundation, approximately 𝜂𝑐 ≤ 15.5m. For 
𝜂𝑐 ≥ 17.5m, the number of data points and the associated scatter 
means that it is difficult to infer statistically significant results. Indeed, 
most discrepancies arising from the predictions are generally within 
the range of the aleatoric statistical uncertainty and typical for wid
measurements and predictions.
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Table 4
The rmse between measured and predicted 𝐹𝑥 for both the corresponding data and the QQ-plots. The predictions made using a model trained using separate data related to SS1 
only.
 ID SS1 SS2 SS3 SS4 SS5 SS6 SS7 SS8  
 rmse [MN] 1.19 0.87 1.07 1.33 1.43 1.44 1.65 1.67 
 rmse-QQ [MN] 0.51 0.32 0.47 0.50 0.60 0.39 0.70 0.59 
In order to quantify the success of applying the trained ann model 
to sea-states other than SS1 and SS5, Table  4 summarises rmse between 
the predicted and measured 𝐹𝑥 for all sea-states in Table  1. The error 
is calculated for both the corresponding data and the QQ-plots. In 
considering the metrics in Table  4, it is important to note that the same
ann model is used as in Fig.  14 to predict loading arising in new sea-
states without retraining. It is clear that the prediction accuracy of the 
model remains relatively constant when applied to unseen wid events 
that arise in different sea-states.

Fig.  15 provides a more detailed assessment, through the ann model 
predictions, on how well the variability of the wid loads is captured by 
the variations in the incident wave properties. To produce this figure, 
the predicted and measured ‘corresponding’ loads from Fig.  14 are 
binned according to 𝜂𝐴𝑐  values. The mean 𝐹𝑥 and its 95% confidence 
interval (ci) for each bin are computed and plotted in Fig.  15(a). It 
should be noted that for the highest crest elevations (𝜂𝐴𝑐 > 17.75m), 
corresponding to the rarest events, there were insufficient data to 
reliably compute the ci. Therefore, data in this region were excluded 
from the analysis. Nevertheless, the ci at all other levels of inundation 
is well described by the predictions, which rely solely on incident 
wave parameters as inputs. It is clear that the model predictions are 
almost identical to the measurements and their confidence intervals 
overlapping.

It should be noted that a similar level of prediction accuracy is 
achieved for all other sea-states involved in this study.

Finally, Figs.  15(b)-(e) present histograms and fitted Gamma distri-
butions of 𝐹𝑥 for several 𝜂𝐴𝑐  ranges (bins) which, effectively, provide 
the conditional probability distribution 𝑃 (𝐹𝑥|𝜂𝐴𝑐 ). In all four sub-plots, 
the predicted distributions are in excellent agreement with the ex-
perimental measurements. Importantly, this information is critical for 
determining the probability of exceedance of a given wid load, a key 
input for full reliability analyses of offshore structures. Taken together, 
the proposed ann architecture using the parameters listed in Table  3 
provides a promising, highly efficient tool for the prediction of wid
loading, which will be provided as a companion to the present paper.

7. Conclusions

When subjected to random waves, wave-in-deck (wid) loading on 
offshore topside structures exhibits a significant increase in variability. 
Existing studies using quasi-deterministic focused waves, despite incor-
porating a wide range of incident wave properties, have not provided 
a satisfactory explanation for this phenomenon. The present study 
addresses this issue through new experiments conducted across a broad 
range of random sea-states, measuring both the full incident wave 
profiles and the applied wid loading (𝐹𝑥). Increased variability in wid
loading was observed in all sea-states investigated.

Using a data-driven approach, the measurements were systemat-
ically analysed on a wave-by-wave basis with an ann model. From 
a wide set of candidate parameters based on the free-field incident 
wave properties, strong correlations were identified between 𝐹𝑥 and 
key parameters such as the maximum volume of water entering the 
deck structure (𝑉max) and the maximum water particle kinematics 
(𝑢max). While these findings confirm that the loading process remains 
momentum-driven in random seas, 𝑉max has been found to play an 
increased role. New parameters related to the spatial and temporal 
variations of the incident wave were also identified to heavily influence 
the applied wid loading. These include wave properties measured at 
multiple locations, capturing spatial variability, and the focal quality 
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of the incident wave crest, capturing temporal variability. Crucially, 
it is this increased variation in the evolution of individual incident 
waves that drives the observed increase in wid loading variability in 
random seas. Unlike experiments conducted in qd focused waves, for a 
given incident wave event in a random sea the structure is not always 
loaded by the maximum crest elevation. Indeed, rather than sea-state-
wide parameters, it is the properties of individual waves that determine 
the magnitude of wid loading, underscoring the importance of adopt-
ing random seas as design conditions in full reliability assessments if 
randomness is to be adequately incorporated.

These findings were further validated by comparing the predictions 
of the trained ann model on a completely independent dataset for the 
same structure. It was shown that wid loads are very well described by 
the new model. This was achieved not only for the mean 𝐹𝑥 at given 
levels of inundation but also for the variability of loading around the 
mean. As a whole, the present method has been shown to be efficient, 
capable of producing accurate predictions to a wide range of sea-states 
even when trained on a small dataset. As such, the application of ann
models in wid prediction emerge as useful tools to supplement existing 
methods in reliability assessments.
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