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 A B S T R A C T

Sea level rise can compromise the safety of coastal flood defences, as wave overtopping events are becoming 
more frequent and severe. This increasing threat emphasizes the need for accurate assessment of wave 
overtopping hydrodynamics over dikes, which is essential for evaluating flood safety. The currently available 
methods do not combine computational efficiency, detailed results and general applicability, which limits 
their use in modelling wave overtopping and the resulting dike erosion. To address these limitations, this 
study introduces the Wave Overtopping Surrogate Model (WOSM), a novel method for rapidly generating 
high-quality two-dimensional simulations of wave overtopping over the dike crest and landward slope. The 
foundation of the WOSM is the Vision Transformer Image to Image (ViTI2I), a new deep learning model that 
combines an adapted Vision Transformer with a convolutional decoder for next-frame prediction. Trained on 
CFD wave overtopping simulations, the WOSM accurately reproduces the overtopping hydrodynamics such as 
flow velocities, water depths, overtopping duration and vertical velocity profiles, including both spatial and 
temporal variations. The scope of the training data limits the applicability of the WOSM and its ability to 
consistently capture complex phenomena such as flow separation and reattachment, both of which could be 
improved by enriching the dataset. Its low computational demand makes it suitable for exploring additional 
applications, such as probabilistic design or simulating wave overtopping with evolving dike profiles for erosion 
assessment. Additionally, this study serves as a proof of concept that the WOSM framework could benefit other 
fields encountering comparable modelling constraints.
1. Introduction

A common form of coastal flood protection is the grass-covered 
earthen dike (Sharp et al., 2013). These coastal defence structures are 
expected to face increasingly extreme storm conditions due to climate 
change (IPCC, 2019). One of the consequences is sea level rise, which in 
turn can lead to more severe wave overtopping (Koosheh et al., 2024). 
Wave overtopping occurs when a wave runs up the seaward slope of a 
dike and exceeds the crest height, resulting in a flow over the crest and 
inner slope of the dike. This flow can cause erosion of the inner slope, 
which can ultimately result in dike failure (Van Bergeijk et al., 2022). 
The external erosion caused by wave overtopping has been identified 
as one of the main causes of grass-covered dike breaches (Danka and 
Zhang, 2015; Van Bergeijk et al., 2021). Therefore, to better consider 
the effects of climate change in the design of coastal dikes, it becomes 
increasingly important to accurately estimate dike safety against wave 
overtopping.

∗ Corresponding author.
E-mail address: j.p.aguilarlopez@tudelft.nl (J.P. Aguilar-López).

Current methods to estimate dike safety rely on empirical for-
mulas or numerical models, such as commonly used computational 
fluid dynamics (CFD) software. Earlier research led to formulas that 
describe water depth and wave velocity along the dike caused by 
wave overtopping (Schüttrumpf, 2001; Schüttrumpf and Van Gent, 
2004; Schüttrumpf and Oumeraci, 2005). However, these formulas do 
not account for complex geometries, such as eroded dike profiles or 
varying slope angles. Other formulas are proposed by Van Gent (2002) 
and Van Bergeijk et al. (2019) that include changes of the slope angle, 
but these are still simplified representations of flow velocity and water 
depth and provide estimations only of maximum values along the dike 
profile, rather than a detailed insight into wave hydrodynamics in space 
and time. Numerical models that solve the Reynolds-averaged Navier–
Stokes equations (RANS) offer detailed simulations of wave overtop-
ping and are suitable for a wide range of dike profiles (Van Bergeijk, 
2022). Bomers et al. (2018) developed a CFD model that simulates 
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an individual overtopping wave over the crest and the upper part of 
the inner slope of a dike, and Van Bergeijk et al. (2020) simulated 
wave overtopping over the dike from crest to the inner toe. These 
models offer detailed simulations of the full evolution of an over-
topping wave, but preparing them—defining the mesh and boundary 
conditions—is labour-intensive and running a simulation can be time-
consuming (Suzuki et al., 2017). Simpler models exist that use the 
Non-Linear Shallow Water equations (NLSW). Although these models 
require substantially lower computational demand compared to RANS 
models, they provide less detailed results when vertical flow com-
ponents become significant, as their depth-averaged approach limits 
resolution in the vertical direction (Van Bergeijk, 2022). Other models 
that describe wave-structure interaction include CSHORE (Johnson 
et al., 2012), which focuses on describing erosion and returns depth-
averaged hydrodynamic variables, and SBEACH (Larson and Kraus, 
1989), which calculates erosion caused by storm waves and water 
levels but does not provide output for hydrodynamic variables. While 
these models are computationally efficient and effective for erosion 
prediction, they do not simulate overtopping wave hydrodynamics in 
the spatiotemporal domain.

The currently available modelling approaches impose limitations on 
dike safety assessments, as none can produce detailed spatiotemporal 
simulations while maintaining low computational demand. This results 
in the use of simplified scenarios to estimate erosion depth caused 
by wave overtopping during storm events, as current methods do 
not account for progressive erosion. This means that the dike profile 
remains unchanged throughout the dike safety assessment, neglecting 
the erosion process evolution over time. However, erosion occurs grad-
ually as overtopping waves begin to create small erosion holes during 
storm conditions (Aguilar-López et al., 2018b; Van Bergeijk, 2022). 
These irregularities can influence subsequent waves and increase their 
turbulence, which can enhance their erosion potential (Aguilar-López 
et al., 2018b). Existing formulas do not account for these effects, 
and numerical models would require remeshing of the domain after 
every simulated wave, with the risk of becoming unstable for complex 
geometries.

Additionally, these limitations make it difficult to perform accu-
rate sensitivity analyses on how uncertainty or variations in input 
variables—such as inflow boundary conditions or design choices—
influence output like maximum load or erosion depth. For improved 
coastal dike design, current methods must also become feasible for 
probabilistic design, which requires testing a system under many sce-
narios based on probability distributions of the input variables. Fitted 
formulas may not be valid for this range of input variables, and 
numerical models are too computationally expensive to complete the 
required number of simulations. While several models exist for simulat-
ing wave overtopping, none provide detailed results within affordable 
computational times. This leaves a gap in methods that can explore 
the incorporation of erosion during wave overtopping simulations or 
enable probabilistic design.

One promising solution is the use of surrogate modelling, which 
focuses on the development of a computationally cheap model that 
emulates a more complex one (Forrester et al., 2008; Razavi et al., 
2012). This offers powerful possibilities, especially with the current 
rise of increasingly advanced deep learning models. Deep learning 
techniques can learn and recognize complex, non-linear patterns, like 
those within fluid simulations (Pant et al., 2021). For example, Aguilar-
López et al. (2018a,b) used the output of numerical models to train an 
artificial neural network (ANN) and build an emulator for the failure 
probability estimation of flood defences, Buscombe et al. (2020) used a 
deep learning model to estimate wave height and period from images 
of waves, and physical model test results are used to train deep learning 
and machine learning models that predict wave overtopping discharges 
over various coastal structures (Van Gent et al., 2007; Den Bieman 
et al., 2020, 2021).
2 
While these aim to predict a singular numerical value, other re-
searches apply deep learning models that can predict a two-dimensional 
grid (i.e. an image). One specific example is the next-frame predic-
tion model, which involves the prediction of a next frame based on 
one or more previous-step input frames. Convolutional neural net-
work (CNN)-based models are trained on numerical model output, 
using preceding conditions to predict two-dimensional instantaneous 
velocity-fluctuation fields (Guastoni et al., 2021), waves and hydro-
dynamics in the nearshore zone (Wei and Davison, 2022), and the 
future boundary of natural lakes (Yin et al., 2023). Although significant 
research has been conducted using similar models, there appears to 
be limited research focused on generating full simulations, i.e. two-
dimensional grids evolving over time. A model with such capabilities 
could help overcome the limitations of currently available methods 
and is becoming increasingly feasible due to the continuous advance-
ments in deep learning architectures, such as the state-of-the-art Vision 
Transformer model (Dosovitskiy et al., 2020).

This study focuses on the first step in addressing the broader chal-
lenges in modelling wave overtopping. It proposes a new method to 
create detailed spatiotemporal simulations of wave overtopping at sig-
nificantly lower computational demand. The objective is to develop this 
model using deep learning algorithms and to validate its performance 
by comparing the simulated hydrodynamics. Although the motivation 
behind this model includes potential applications in erosion modelling 
with evolving dike profiles and probabilistic design, these are beyond 
the scope of the current work. This study is limited to simulating the 
hydrodynamics of an overtopping wave over a fixed dike profile. It 
demonstrates the feasibility of a simulation approach that produces 
detailed spatiotemporal results while requiring less computational ef-
fort. The key contribution is the Wave Overtopping Surrogate Model 
(WOSM), a surrogate model for the fast and accurate simulation of 
wave overtopping. The WOSM is based on a novel deep learning next-
frame prediction model, called the Vision Transformer Image to Image 
(ViTI2I). The ViTI2I is developed by adapting the Vision Transformer 
(ViT), whose backbone is a transformer architecture that has proven su-
perior in capturing both temporal and spatial patterns (Bertasius et al., 
2021; Yan et al., 2021; Ye and Bilodeau, 2022). The ViTI2I is trained 
on a wave overtopping simulation dataset previously produced with a 
CFD model (Van Bergeijk et al., 2022). Various configurations of the 
WOSM are tested and evaluated to identify the best-performing setup. 
The optimal WOSM is validated against the original CFD simulations 
by comparing the modelled hydrodynamics.

The paper is structured as follows. Section 2 provides background 
information on deep learning terminology, relevant for the developed 
ViTI2I. In Section 3, the dataset and ViTI2I are presented and the 
implementation of the ViTI2I for generating simulations is described, 
which completes the WOSM. In Section 4, the performance of different 
WOSM setups is evaluated and the best-performing WOSM is validated. 
The WOSM performance, capabilities and limitations are discussed in 
Section 5. Finally, conclusions and recommendations are provided in 
Section 6.

2. Deep learning background

The key concept of deep learning models is to identify and replicate 
patterns found in data (Goodfellow et al., 2016). During training, the 
model adjusts its trainable parameters using a training dataset to pro-
duce predictions that resemble the original data. Once trained, it offers 
a faster, data-driven alternative to the traditional model, as it does not 
rely on a numerical solving scheme. This makes deep learning well-
suited for efficiently approximating and reproducing spatiotemporal 
processes.

A common approach to spatiotemporal tasks is the Convolutional 
Long Short-Term Memory (ConvLSTM) model (Shi et al., 2015). This 
model uses the LSTM to distinguish and remember relevant temporal 
patterns, and applies convolutional layers to identify spatial patterns. 
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Fig. 1. A simple overview on data flow through an encoder–decoder mecha-
nism. The raw input data is processed by the encoder, leading to the latent 
space. The latent space holds an abstract representation of the observed 
patterns in the input data. The decoder converts this into the predicted output.

Convolutional layers slide various kernels—small numerical matrices—
over the data and project the identified patterns onto a new grid, that 
contains an abstract representation of all the observed patterns (Prince, 
2023). The reversed use of such convolutional layers is called decon-
volution, where kernels are used to translate complex patterns back 
into the desired format and resolution, such as an image (Prince, 
2023). Combining convolution and deconvolution leads to an encoder–
decoder mechanism (see Fig.  1). The encoder extracts patterns from the 
input data and converts it into the latent space, which is the abstract 
collection of all the observed patterns. The decoder interprets the 
latent space to generate a prediction. Although widely used, ConvLSTM 
models are limited by their inherent focus on local patterns and struggle 
with capturing patterns that are distant in space and time (Masafu and 
Williams, 2024; Wang et al., 2024).

To address this, Vaswani et al. (2017) introduced the transformer 
architecture, which applies the multi-head attention mechanism to 
capture patterns, regardless of the distance between them. Dosovitskiy 
et al. (2020) adapted this mechanism to spatial data with the Vision 
Transformer (ViT), which splits two-dimensional data into smaller 
patches and embeds each patch into a vector, with a size equal to the 
number of embedding dimensions. These patch embeddings represent 
local information and are processed using multi-head attention, which 
compares every pair of patches to determine whether one contains 
information that the other requires, thereby enabling patterns to be 
identified globally across the input. The ViT does not inherently under-
stand the spatial position of a patch within the input, but learns this 
by adding a spatial embedding to each patch that encodes the location 
of each patch and specifies their relative position. After extracting both 
local and global patterns, the ViT uses a multilayer perceptron (MLP) 
to classify the output. The MLP consists of an input layer, one or more 
hidden layers, and an output layer, with nonlinear transformations 
enabling the network to learn complex relationships and map inputs to 
desired outputs. For a complete explanation of the ViT, see Dosovitskiy 
et al. (2020).

Training a ViT typically requires large datasets and considerable 
computational resources compared to convolutional-based models (Han 
et al., 2022). These requirements may limit its applicability in the 
hydraulic engineering domain, which can include scarce datasets. Large 
input sizes can increase the number of patches, which leads to more 
computations in the multi-head attention mechanism. This can con-
strain its use to smaller spatial domains. Nevertheless, the improved 
understanding of long-range patterns of the ViT can become crucial for 
fluid simulations when changes in fluid flow in one area start to affect 
the fluid in another region. For instance, water that begins to accelerate 
on the slope can have an accelerating effect on water downstream. 
These types of distant patterns may be best recognized and replicated 
by a transformer-based architecture.
3 
Fig. 2. Flowchart of the methodology.

3. Methodology

This section presents the building, training, testing and validation 
of the WOSM. The steps and main components are explained in the 
order presented in the flowchart in Fig.  2. The training dataset is 
described and preprocessed to suit the training of a deep learning model 
(Section 3.1). Next, the existing deep learning architectures ViT and 
CNN are modified and combined to be able to process the available 
spatiotemporal data and predict the hydrodynamics of an overtopping 
wave, resulting in the ViTI2I (Section 3.2). Section 3.3 describes the 
training of the ViTI2I, which leads to a model capable of predicting 
one future time step. In Section 3.4, the ViTI2I is applied to generate 
simulations that consist of multiple time steps, which completes the 
WOSM framework. Finally, Section 3.5 presents the evaluation and 
validation of the WOSM.

3.1. Data preprocessing

3.1.1. CFD model dataset
The dataset used for this research was already produced with the 

CFD software OpenFOAM by Van Bergeijk et al. (2022). The nu-
merical model solves the two-phase Reynolds-averaged Navier–Stokes 
equations using the finite volume method: 
∇ ⋅ 𝑢̄ = 0 (1)

𝜕𝜌𝑢̄
𝜕𝑡

+ 𝜌(𝑢̄ ⋅ ∇)𝑢̄ = ∇(𝜇∇ ⋅ 𝑢̄) − ∇𝑝 + 𝐹 (2)

where 𝑢̄ [m/s] denotes the velocity vector, 𝜌 [kg/m3] the fluid density, 
𝜇 [kg/(m s)] the dynamic viscosity, 𝑝 [Pa] the pressure, and 𝐹  the 
external forces. It models water and air with the volume of fluid method 
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and turbulence with the 𝑘 − 𝜔 SST turbulence model. This turbulence 
model is a hybrid model, switching between the 𝑘 − 𝜔 model in the 
near-wall region and the 𝑘 − 𝜖 model in the free-stream region. The 
computational domain represents a two-dimensional side view of the 
dike and includes the crest, the landward slope, and a small part beyond 
the toe (see upper panel in Fig.  3). The mesh resolution is 1 cm x 1 cm. 
The dike is modelled as impermeable, and roughness is calibrated using 
a Nikuradse roughness height of 8 mm. The model is built to simulate 
individual overtopping waves that have already exceeded the crest 
height and are flowing over the crest, thus it does not include incoming 
waves or wave run-up. The boundary conditions at the crest depend on 
the overtopping volume 𝑉  [m3/m], and are defined in terms of flow 
velocity 𝑢0 [m/s] and layer thickness ℎ0 [m], following the formulations 
by Van Der Meer et al. (2010) and Hughes (2011). 

𝑢0(𝑡) = 5.00𝑉 0.34
(

1 − 𝑡
𝑇0

)

(3)

ℎ0(𝑡) = 0.133𝑉 0.5
(

1 − 𝑡
𝑇0

)

. (4)

where 𝑡 [s] is time and 𝑇0 [s] is the overtopping period, expressed as: 
𝑇0 = 4.4𝑉 0.3 (5)

The model has been validated against two field tests performed in 
The Netherlands and showed good performance across various velocity 
components (Van Bergeijk et al., 2020). For a more detailed description 
of the OpenFOAM setup and governing equations, see Van Bergeijk 
et al. (2020).

The production of the dataset used for this research is fully de-
scribed in Van Bergeijk et al. (2022). It consists of 40 individual 
simulations of a single overtopping wave, each showing 10 seconds of 
wave overtopping with time steps of 0.01 s. All simulations feature a 
dike with a horizontal crest, a straight inner slope without a berm, and 
an inner toe. Each dike geometry has a crest width of 3 metres, a slope 
length of 6 metres, and 1 metre area behind the toe (see upper panel in 
Fig.  3). The 40 simulations cover a range of overtopping volumes 𝑉  and 
slope steepnesses 𝑠 [-], where each individual simulation shows a single 
wave with a combination of 𝑉  and 𝑠 (see Table  1). Some combinations 
of 𝑉  and 𝑠 lead to flow separation, which means the flow detaches 
from the dike bed at the location of transition from crest to slope and 
reattaches further along the slope (see subplot B in Fig.  3).

3.1.2. Modifying CFD output
The WOSM focuses solely on the prediction of water depth and flow 

velocity. Other variables that are produced by the CFD model, like 
pressures, stresses and turbulence-related fields, are not included in the 
framework, but are discussed in Section 5.2. The CFD dataset includes 
values for water fraction and flow velocity for every cell in the mesh, 
with cell size 1 cm x 1 cm (Van Bergeijk et al., 2022). These values 
are interpolated in a two-dimensional grid with cells of 1 cm x 1 cm, 
from which three types of data are generated as input for the ViTI2I: 
a binary dike mask, water velocity field and binary water mask. The 
preprocessed data is described below and presented in Fig.  3.

• Binary dike mask (BDM). Unlike CFD models, data-driven deep 
learning models do not inherently detect boundary conditions 
such as walls, inflow or open boundaries. Therefore, the dike 
geometry is added to the dataset as a binary mask to provide 
information on the dike profile. The BDM is created by giving 
every cell located in the dike a value of 1 and every cell located 
in the air a value of 0. Since the BDM values are already between 
0 and 1, no normalization is needed.

• Water velocity field. The CFD dataset originally contains the 
velocity field for both air and water, but it is modified to show 
only the velocity of the water, represented by its magnitude 
𝑈𝑚𝑎𝑔 and direction 𝑈𝑑𝑖𝑟. This approach follows the assumption 
of Van Bergeijk et al. (2020) that cells with a calculated water 
4 
Table 1
Overview of the wave overtopping simulations in the training, validation and 
test datasets.
 Slope steepness [–] Training set Validation set Test set  
 Volume [m3] Volume [m3] Volume [m3]  
 1:1 0.25, 0.5, 1.5, 2.5 – –  
 1:1.2 1.5 – –  
 1:1.5 – – 1.5  
 1:1.7 0.35, 0.75, 1.0, 1.5, 

1.662, 1.75, 2.5, 
3.5, 4.0

1.5, 2.0, 3.0 0.25, 0.5, 1.25 

 1:2 1.5, 2.5 – –  
 1:2.2 1.0 1.25 1.5  
 1:2.5 1.5, 2.25 – 2.0  
 1:2.7 1.5 – –  
 1:3 1.5, 2.0, 2.5, 3.0 4.0 –  
 1:3.5 – 1.5 –  
 1:4 1.5, 2.5 – –  
 1:5 1.5, 2.5 – –  

fraction exceeding 60% are assumed to be filled with water, 
whereas cells with less than 60% are treated as empty. The data 
is normalized for training of the ViTI2I by applying the Max-
Abs Scaling technique. This method preserves the sign of the 
original data and ensures all initial zero values remain zero. 
This maintains the physical meaning of the original data, as the 
sign represents the direction of the velocity and a zero velocity 
indicates that a cell is filled with air. As a result, values for 𝑈𝑚𝑎𝑔
fall within the range [0, 1] and these of 𝑈𝑑𝑖𝑟 within [0, 1]. The 
preprocessed data shows entrapped air bubbles, which are caused 
by the modified grid and the CFD model using a water fraction 
boundary of 0.8, resulting in an inflow of a water–air mixture (see 
subplot A in Fig.  3). 

Max-Abs Scaling: 𝑋′ = 𝑋
max(|𝑋|)

(6)

• Binary water mask (BWM). The training dataset is completed 
by adding the BWM, which represents a simplified version of 
the water fraction. Cells that contain water have a value of 1 
and cells that contain air have a value of 0. The BWM follows 
the same transformation where all initial water fraction values 
above 0.6 are changed to 1 and those below to 0. This leads to 
the same entrapped air bubbles as for the water velocity field. 
Without the BWM, the velocity fields represent two aspects: (1) 
whether water is present and (2) if water is present, the velocity 
value. Including the BWM in the dataset ensures that the model 
can focus on learning and predicting the presence and velocity 
of water in cells separately. No normalization is required for the 
BWM, as its values are already within the range of 0 to 1.

The preprocessed dataset is divided into a training dataset (28 
simulations), a validation dataset (6 simulations), and a test dataset 
(6 simulations) (see Table  1). This commonly used split ensures that 
a sufficient portion of the data is available for model training, while 
retaining enough data for tuning the model during validation and 
evaluating its performance on unseen data during testing. To create the 
widest range of training data, the simulations in the training dataset 
include overtopping volumes ranging from the smallest to the highest 
volume (0.25 - 4 m3/m) and slope steepnesses ranging from the gentlest 
to the steepest slope (1:5 - 1:1).

3.2. Model building

A next-frame prediction model is developed that can process the 
two-dimensional preprocessed data, capable of predicting a future 
frame based on a sequence of previous frames. The new model, called 
the Vision Transformer Image to Image (ViTI2I), is an encoder–decoder 
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Fig. 3. A snapshot at t = 1.35 s of the preprocessed simulation of an over-
topping wave with an overtopping volume of 1.25 m3 over a dike with slope 
steepness 1:1.7. The location of the inflow boundary and definitions of dike 
geometry characteristics are given in the binary dike mask. No water is visible 
on the dike crest in the normalized velocity direction plot, because water 
flowing rightward has a velocity direction value close to zero. Consequently, 
although water is present, it is not visible in this specific plot. Subplot A 
shows entrapped air bubbles in the binary water mask. Subplot B shows flow 
separation, with the flow detaching at the transition point and reattaching 
around x = 420.

mechanism designed to learn spatiotemporal patterns. An overview of 
the data flow through the ViTI2I is given in Fig.  4. The ViTI2I takes 
as input data a sequence of frames. A frame is composed of all the 
two-dimensional grids that complete an individual time step (i.e. BDM, 
water velocity field and BWM). Each frame is divided into patches 
through patch embedding, and each patch gets assigned a spatial and 
temporal embedding. These spatial and temporal embeddings provide 
the ViTI2I knowledge on the location of a patch in space and time. 
In the Transformer Encoder, each patch is compared with all other 
patches and information is transferred globally over the grid, result-
ing in the transformed patches. These now contain global and local 
information, due to the patch embedding and the attention mechanism. 
This knowledge is projected into an abstract representation of future 
hydrodynamics by an MLP, leading to the future patch embeddings. 
5 
The convolutional decoder is capable of understanding this abstract 
information and converting it into detailed predictions for the BWM 
and the velocity fields. The BDM is omitted from the prediction because 
the dike profile is assumed to remain static across consecutive time 
steps in these simulations.

For readers interested in the development of the ViTI2I and archi-
tecture characteristics, a detailed description is given in Sections 3.2.1
and 3.2.2. Background information and deep learning terminology is 
provided in Section 2.

3.2.1. Encoder mechanism
The encoder is based on the original ViT architecture, which applies 

patch embedding and the multi-head attention mechanism to capture 
local and global patterns within a single frame. This architecture is 
modified to process a sequence of frames, recognizing patterns over 
space and time and converting them into the latent space.

As the ViTI2I requires a sequence of frames, the shape of the ViT 
input data is modified by adding an extra dimension, which represents 
the time component. Every time step can hold multiple grids, which 
allows for the representation of several variables per time step. As 
a result, the shape of the input data is (time steps, variables, grid 
height, grid width). The input data is divided into patches, which are 
embedded and to which two positional embeddings are added, one 
spatial embedding and one temporal embedding. This is an adjustment 
compared to the ViT, which only adds the spatial embedding since it 
does not involve a time component. The transformer encoder remains 
unchanged and applies the multi-head attention mechanism among all 
pairs of patches, enriching the patches with global context. Contrary 
to the ViT, the ViTI2I applies attention over both space and time due 
to the extra dimension of the input data and the additional temporal 
embedding. The original ViT includes an MLP for classification, but 
this is replaced by a new MLP that projects the information in the 
transformed patches of the final input time step into patch embeddings 
belonging to the future time step. Therefore, the input size and output 
size of this MLP are equal to the number of embedding dimensions, 
as every patch embedding is passed through this MLP. The embedding 
dimension has been set to 120 in the ViTI2I, as it is large enough to 
capture local patterns whilst keeping the model size computationally 
manageable. The core of the MLP consists of two linear layers with a 
GELU activation function in between and the hidden layer contains 300 
neurons. The future patch embeddings can be regarded as the latent 
space of the ViTI2I.

3.2.2. Decoder mechanism
The decoder mechanism is a convolutional decoder consisting of 

three deconvolution layers. These layers transform the future patch 
embeddings into the original size and resolution of the patches. The 
first layer has a kernel size and stride equal to the patch size and zero 
padding, which means the kernel projects every patch embedding into 
a separate region of the output space without overlap. This ensures that 
the future patch embeddings are upsampled from the compacted latent 
space back into the original size and resolution, by spreading each 
individual patch over its original area. The second and third layer both 
apply a kernel size of 3, a stride of 1 and a padding of 1. This preserves 
the size and resolution of the data as produced by the first layer, while 
allowing the network to refine the predicted frames. The number of 
kernels determines the number of output grids. To gradually reduce 
the 120 embedded dimensions to three predicted grids, the model uses 
a staged approach: the first deconvolutional layer applies 60 kernels, 
the second uses 30, and the final layer applies 3 kernels. This results in 
three two-dimensional output grids produced by the ViTI2I: the BWM 
and the two velocity fields.
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Fig. 4. Each time step in the input sequence consists of multiple grids, 
completing an input sequence of four frames. The input sequence is embedded 
into patches, to which a spatial and temporal embedding is added. The 
transformer encoder extracts global patterns, by sharing information across 
each pair of patches. The transformed patches of the final time step are 
projected into a future time step by the MLP, after which the convolutional 
decoder converts them into a detailed next-frame prediction.

3.3. Model training

3.3.1. Input data specifics
The ViTI2I is designed to predict the next frame for the BWM 

and the two velocity grids, using a sequence consisting of the BDM, 
the BWM and the two velocity grids as input. Training samples are 
generated to train the model, each providing an input sequence along 
with the corresponding target prediction. This means the model extracts 
and combines information across all channels and time steps, to simul-
taneously predict the next time step for velocity magnitude, velocity 
direction and the BWM. As such, the prediction for the three grids is 
trained jointly and not separately.

The size of the input data is constrained by computational limita-
tions, as large input leads to increased memory usage and computa-
tional load when processed by the ViTI2I. The input size depends on 
both the number of time steps and the dimensions of the input grids. 
Using more time steps provides information on temporal behaviour, 
6 
Table 2
Training hyperparameters.
 Hyperparameter Value 
 Epochs 200  
 Batch size 32  
 Learning rate 0.001 
 Optimizer Adam 

and an input sequence length of 4 time steps is used to balance the 
size of the data and the information it contains. The ViTI2I is trained 
on fixed-size input grids, as it relies on dividing the input grid into 
a fixed number of patches and learning the corresponding spatial and 
temporal embeddings. The total number of patches determines the 
number of computations done in the multi-head attention mechanism. 
The size of these patches is a variable and set to 10 × 10 cells. This 
is based on the findings of Vaswani et al. (2017) that smaller patches 
can improve model performance without greatly increasing model size, 
although they may require more computation due to the higher number 
of attention operations. A 10 × 10 size is considered small enough 
to detect and predict local patterns while still capturing a meaningful 
spatial domain, as it allows for input grids of 200 × 200 cells. This 
results in 400 patches per time step, which keeps the computational 
load manageable.

The input sequence is completed by defining a time step size be-
tween consecutive frames. Changing the step size affects how the 
training data is sampled, as larger step sizes result in input and pre-
dicted frames further apart in time. This also means that the model is 
trained to predict across that specific time interval, so the chosen step 
size directly determines the time step interval of the later simulations. 
Different step sizes are tested based on the concept that deep learning 
models are generally good at interpolating the patterns observed in the 
training data, but struggle at making predictions outside the boundaries 
of these patterns (Forrester et al., 2008). Larger step sizes are expected 
to allow more significant changes between frames, potentially offering 
a wider range of learnable patterns. The amount of frame-to-frame 
difference is quantified using Shannon entropy 𝐻 [-] and the Structural 
Similarity Index Measure (SSIM).

Shannon entropy measures the randomness in a grid (Shannon, 
1948). Within this study, low entropy indicates a grid with fewer 
unique values, which implies equal velocity values within the water 
body. The Shannon entropy of a single grid is computed as 

𝐻(𝑋) = −
𝑛
∑

𝑖=1
𝑃 (𝑥𝑖) log𝑃 (𝑥𝑖) (7)

where 𝑃 (𝑥𝑖) is the probability of a particular value 𝑥𝑖 occurring in that 
grid, based on the distribution of all cell values within that grid. The 
change in entropy between two consecutive frames is given by 
Entropy change = 𝐻𝑡+𝛥𝑡 −𝐻𝑡 (8)

The SSIM is a metric to quantify the difference in structure, brightness 
and contrast between two images. For this research, the SSIM compares 
overall velocity patterns, such as acceleration, deceleration and average 
velocity. High values for SSIM indicate large similarities, whereas low 
SSIM values reveal larger differences. In Section 4.1.1, entropy and 
SSIM are calculated for different step sizes to identify a step size that 
offers sufficient learnable patterns. The influence of this step size on 
the generated simulations is also discussed.

3.3.2. Training hyperparameters and loss function
The hyperparameters used for training are presented in Table  2. 

Additionally, early stopping occurs when the validation loss has not 
decreased for 12 consecutive epochs to prevent overfitting and the 
learning rate decreases by a factor 10 when the validation loss has not 
decreased for 4 consecutive epochs to optimize the training process.
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The prediction of ̂BWM is treated as a classification task, as each 
cell is labelled as either water or air. The Binary Cross-Entropy loss 
(𝐿BWM) is applied to ̂BWM, which is commonly used in classification 
as it focuses on correct class prediction rather than specific numerical 
values. Two loss function setups are tested for the velocity grids: an 
unmasked loss function 𝐿unmasked and a masked loss function 𝐿masked. 
The unmasked loss function uses the mean absolute error 𝐿MAE, com-
puting the loss in the velocity field without masking. The masked loss 
function is a combination of a loss function 𝐿water for water cells and a 
loss function 𝐿air for air cells, using masks to ensure only errors within 
water or air regions are included. This separation provides control over 
how strongly the model focuses on improving accuracy in either water 
or air cells. 

𝐿BWM = − 1
𝑁

𝑁
∑

𝑖=1

[

𝑦𝑖 ⋅ log(𝑦̂𝑖) + (1 − 𝑦𝑖) ⋅ log(1 − 𝑦̂𝑖)
]

(9)

𝐿MAE = 1
𝑁

𝑁
∑

𝑖=1

|

|

𝑦̂𝑖 − 𝑦𝑖|| (10)

𝐿water =

∑𝑁
𝑖=1

(

|

|

𝑦̂𝑖 − 𝑦𝑖|| ⋅ ̂BWM𝑖

)

∑𝑁
𝑖=1

̂BWM𝑖 + 10−6
(11)

𝐿air =

∑𝑁
𝑖=1

(

|

|

𝑦̂𝑖 − 𝑦𝑖|| ⋅ (1 − ̂BWM𝑖)
)

∑𝑁
𝑖=1(1 − ̂BWM𝑖) + 10−6

(12)

where 𝑦̂𝑖 is a predicted value in cell 𝑖, 𝑦𝑖 is the true value in cell 𝑖, ̂BWM𝑖
is the value in the predicted BWM and 𝑁 is the total number of cells in 
the predicted grid. The loss 𝐿water only includes errors in water cells, 
for which ̂BWM𝑖 is 1, and omits those in air cells, where ̂BWM𝑖 is 0. 
Similarly, 𝐿air only retains errors in air cells.

The two applied loss functions are 
𝐿unmasked = 𝑤BWM ⋅ 𝐿BWM +𝑤𝑈 ⋅ 𝐿MAE,𝑈𝑚𝑎𝑔

+𝑤𝑈 ⋅ 𝐿MAE,𝑈𝑑𝑖𝑟
(13)

𝐿masked = 𝑤BWM ⋅ 𝐿BWM +𝑤𝑈 ⋅ 𝐿water,𝑈𝑚𝑎𝑔
+𝑤𝐴 ⋅ 𝐿air,𝑈𝑚𝑎𝑔

+𝑤𝑈 ⋅ 𝐿water,𝑈𝑑𝑖𝑟
+𝑤𝐴 ⋅ 𝐿air,𝑈𝑑𝑖𝑟

(14)

The weights 𝑤 define how much emphasis is laid upon what component 
of the loss function. Weight 𝑤BWM is set to 1.0, weight 𝑤𝑈  to 2.0 and 
weight 𝑤𝐴 to 0.01. This leads to 𝐿masked forcing the model to focus on 
cells that contain water by largely neglecting the errors in the air cells. 
Section 4.1.2 evaluates the simulations generated by models trained 
with the two different loss functions.

3.4. Model implementation

The trained ViTI2I can create individual predictions for a grid of 
200 × 200 cells based on an input sequence with equal dimensions 
(Section 3.3.1). The total wave overtopping simulation domain exceeds 
these dimensions, as for example the 500 × 1000 grid in Fig.  3. There-
fore, the ViTI2I is applied repeatedly across the domain by dividing 
the domain into overlapping 200 × 200 spatial subsets. This approach 
forms the core of the WOSM, the framework that uses the trained ViTI2I 
to generate wave overtopping simulation.

An overview of the WOSM procedure is given in Fig.  5. For each 
time step, the simulation domain is divided into subsets for which 
individual predictions are made by the trained ViTI2I. All individual 
predicted subsets are merged to retrieve prediction 𝑡5 of the entire 
domain. To complete a full simulation of multiple time steps, the 
WOSM removes 𝑡1 from the input sequence and appends prediction 𝑡5, 
creating a new input sequence (𝑡2, 𝑡3, 𝑡4, 𝑡5) to predict time step 𝑡6. 
Repeated application of this method allows the WOSM to complete a 
full simulation of multiple time steps.

To ensure continuity in the simulation, spatial subsets overlap by 
half their area. Without overlap, the wave never enters a new subset 
and cannot be propagated from one subset to the next. In overlapping 
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regions, the two separate predictions can produce different outcomes. 
Two merging techniques are developed and tested: subset averaging and
subset priority. Subset averaging averages the velocity values in regions 
of overlap, whereas subset priority preserves only the prediction of the 
downstream half of each predicted subset and excludes the upstream 
half. These approaches are illustrated in Fig.  6, showing how the 
different techniques merge overlapping regions. The subset merging 
techniques are evaluated in Section 4.1.3.

3.5. Model testing

Different combinations of step size, loss function and subset merging 
technique are tested in Section 4.1 before extensively validating the 
WOSM on hydrodynamics against CFD model results. Both optimization 
and validation of the WOSM involve generating WOSM simulations 
and comparing them to the corresponding CFD simulations. During 
optimization, only simulations from the test dataset are used, which 
ensures the WOSM is evaluated on data unseen during training.

To determine the best-performing WOSM configuration, the RMSE 
is calculated between the maximum and depth-averaged flow velocity 
profiles modelled by the WOSM and CFD model. For larger step sizes, 
the flow velocity profiles begin to show fluctuations, as the wavefront 
travels farther between consecutive time steps. Since the wavefront 
typically exhibits the highest velocity, the locations where these peak 
velocities are recorded increase in distance for larger step sizes. To 
mitigate this effect, the velocity profiles are smoothed by applying a 
Gaussian filter with a standard deviation of 10. This leads to evaluation 
metric 

RMSE =

√

√

√

√
1
𝑁

𝑁
∑

𝑥=1
(𝑈 (𝑥) − 𝑈̂ (𝑥))2 (15)

with velocity magnitude 𝑈 (𝑥) [m/s] at location 𝑥 in the CFD simula-
tion after smoothing, velocity magnitude 𝑈̂ (𝑥) [m/s] at location 𝑥 in 
the WOSM simulation after smoothing and total number of measured 
locations 𝑁 [-].

3.5.1. Procedure for validation on hydrodynamics
The best-performing WOSM configuration is used to generate addi-

tional simulations for hydrodynamic validation, which is presented in 
Section 4.2. This validation is performed by comparing both the max-
imum values and time series of flow velocity, depth-averaged velocity 
and water depth at four different locations along the dike profile (Fig. 
7). These four locations represent typical positions found along any dike 
profile: the crest, the upper slope, the lower slope, and the area beyond 
the toe. The time series shows how well the WOSM simulates the 
dynamics of the overtopping wave, including the peak velocity at the 
wave front followed by a decreasing trend. It also reflects the ability of 
the WOSM to capture the overtopping duration, which is defined as the 
period between the arrival of the wavefront to the moment the tail of 
the wave passes. At the same four locations, the vertical flow structure 
is reviewed. This helps assess whether the WOSM can reproduce the 
logarithmic vertical velocity profile and capture the boundary layer. 
Accurate modelling of the vertical flow structure demonstrates whether 
the WOSM can be useful in erosion modelling, where the near-bed 
velocity profile influences the stress applied to the bed profile. In a 
simplified manner, the WOSM is evaluated for mass conservation. The 
simulations are two-dimensional and do not have an along-dike depth 
component, so mass is represented by the total surface area of the wave. 
The evaluation is done by comparing the total simulated water area 
per time step between the WOSM and the CFD model. As the WOSM 
is trained to replicate the CFD model, mass conservation is considered 
satisfied when both models simulate equal total mass per time step.

Besides comparing the maximum values for water velocity and 
depth between the CFD and WOSM simulation directly, they are also 
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Fig. 5. Every time step is divided into spatial subsets. Every subset acts as an individual input sequence to the ViTI2I, which predicts the next frame for the 
specific subset. The predicted subsets are merged to return the next-frame prediction of the complete domain. New input sequences are created by removing 
the first time step and appending the latest predicted simulation domain to the original sequence. Repeating this process enables complete wave overtopping 
simulations and leads to multiple predicted time steps.
Fig. 6. The input sequence is divided into smaller subsets that overlap. Only subsets that include water in the input sequence are passed through the ViTI2I 
and their predictions are merged. Subset averaging averages the values of both predicted subsets, whereas subset priority only retains the downstream half of each 
predicted subset and excludes the upstream half.
evaluated per generated simulation by computing the normalized root 
mean squared error [-] (nRMSE): 

nRMSE =

√

1
𝑛
∑𝑛

𝑖=1
(

𝑦̂𝑖 − 𝑦𝑖
)2

1 ∑𝑛
(16)
𝑛 𝑖=1 𝑦𝑖
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where 𝑦̂𝑖 denotes the WOSM prediction, 𝑦𝑖 the CFD simulation value, 
and 𝑛 the number of measurement points, which is four (corresponding 
to locations D1–D4). The nRMSE expresses the RMSE relative to the 
observed mean value, indicating how large the prediction error is 
compared to the magnitude of the measured value.
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Fig. 7. The four locations along the dike profile D1 (x = 2.5 m), D2 (x =
3.5 m), D3 (x = 8 m) and D4 (x = 9.5 m) used for validation. The dike 
profiles in the simulations have varying slope steepnesses which influences the 
difference in height between the crest and locations D2, D3 and D4. However, 
the x-distances to transitions in geometry remain consistent.

Fig. 8. The values for AEC and dissimilarity for step sizes 0.01 s, 0.02 s, 0.04 s, 
0.08 s, 0.1 s, 0.2 s, 0.5 s and 1.0 s. A step size of 0.1 s is chosen as a trade-off 
between an increase in learnable patterns and the loss of information in the 
simulations.

For the validation on hydrodynamics, additional simulations are 
generated to provide a wider range of overtopping scenarios on which 
the WOSM can be evaluated. Some of these simulations originate 
from the validation dataset. Normally, this is undesired, but it can be 
justified because the ViTI2I starts to use predicted subsets as new input, 
which resembles data from the validation dataset but is not a direct 
representation. Therefore, the broader range of scenarios is considered 
valuable and reliable in demonstrating the performance of the WOSM.

4. Results

Section 4.1 presents the performance of the WOSM for different 
step sizes, loss functions and subset merging techniques. The best-
performing WOSM is validated on the modelled wave overtopping 
hydrodynamics, which is described in Section 4.2.

4.1. Surrogate model optimization

As a benchmark, the simulation technique subset priority is applied 
to test the WOSM for different step sizes and loss functions. The subset 
merging techniques are assessed last, based on the defined step size and 
loss function.

4.1.1. Step size selection
The difference in entropy between consecutive grids is computed 

for various step sizes by averaging the entropy change across all grid 
pairs, resulting in the average entropy change (AEC). Similarly, SSIM 
is calculated and converted to a dissimilarity score (1 − SSIM), where 
higher values indicate larger differences. These metrics are used to 
check how larger step sizes lead to more variation between frames. 
The results are presented in Fig.  8 and confirm that both AEC and 
dissimilarity increase with step size.
 v

9 
Table 3
RMSE between the flow velocity profile modelled by the WOSM and CFD 
model for different step sizes. Values for RMSE are given for maximum velocity 
and depth-averaged (DA) velocity.
 Step size [s] RMSE

 Max velocity DA velocity
0.02 0.05 0.1 0.02 0.05 0.1  

𝑉  = 0.5 m3/m, 𝑠 = 1:1.7 1.15 0.77 0.40 1.04 0.73 0.37 
𝑉  = 1.25 m3/m, 𝑠 = 1:1.7 2.63 0.51 0.38 2.42 0.42 0.39 
𝑉  = 1.5 m3/m, 𝑠 = 1:2.2 0.77 0.48 0.29 0.72 0.44 0.31 

able 4
MSE between the flow velocity profile modelled by the WOSM and CFD 
odel for the unmasked and masked loss functions. Values for RMSE are given 
or maximum velocity and depth-averaged (DA) velocity.
Loss function RMSE

Max velocity DA velocity
No mask Mask No mask Mask 

𝑉  = 0.5 m3/m, 𝑠 = 1:1.7 1.75 0.40 1.55 0.37  
𝑉  = 1.25 m3/m, 𝑠 = 1:1.7 1.89 0.38 1.94 0.39  
𝑉  = 1.5 m3/m, 𝑠 = 1:2.2 1.77 0.29 1.85 0.31  

The increase is steepest between 0 and 0.1 s, suggesting a valuable 
ncrease in learnable patterns without compromising the practical use 
f the simulations. Step sizes beyond 0.1 s may lead to a loss of informa-
ion and impractical simulations, since larger parts of the simulations 
re skipped. The ViTI2I is trained three times using datasets with step 
izes of 0.02 s, 0.05 s and 0.1 s, and applying the masked loss function 
escribed in Section 3.3.2.
The performance of the WOSM is evaluated by generating simula-

ions from the test dataset and comparing them to the original CFD 
imulations. For each case, the maximum and depth-averaged flow 
elocity profiles are extracted, and the RMSE between the WOSM and 
FD profiles is calculated (see Section 3.5). Low RMSE values indicate 
he WOSM models a similar flow velocity profile as the CFD model. An 
xample of the observed flow velocity profiles is given in Appendix  A. 
he results are presented in Table  3.
The results reveal that the lowest RMSE values are achieved using 

 step size of 0.1 s across all three simulations, which can be attributed 
o this WOSM having learned more pronounced and meaningful pat-
erns. Smaller step sizes result in minimal changes between consecutive 
rames, which can cause the model to rely more on copying the input 
ather than learning the spatiotemporal evolution. This is observed 
hen simulating the overtopping wave over the transition from crest to 
lope, where the WOSM is required to rotate the direction of the flow 
rom horizontal to diagonal. With low step sizes, this rotation must be 
imulated gradually with small adjustments per time step. As the model 
s trained on less distinctive patterns, it begins to underestimate the 
equired rotation, causing the flow to remain horizontal longer than in 
he CFD simulation. Larger step sizes allow the model to observe more 
ignificant movement and clearer changes in flow direction between 
onsecutive frames, making the rotation easier to learn, recognize and 
redict. As a result, the WOSM with smaller step sizes falls behind 
he CFD simulation, which introduces the first signs of decreased 
erformance (Fig.  9). Based on this performance, the continuation of 
his study applies a WOSM configuration with a step size of 0.1 s.

.1.2. Loss function selection
The ViTI2I is trained twice using either the unmasked or the masked 

oss function and both are applied in the WOSM framework, resulting 
n new simulations for which the RMSE is calculated. The results are 
resented in Table  4.
The WOSM with a masked loss consistently results in lower RMSE 

alues, indicating better performance in capturing the flow velocity 
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Fig. 9. The flow velocity direction field at the transition from crest to slope at 𝑡 = 0.8 s for the simulation of 𝑉  = 1.25 m3/m with 𝑠 = 1:1.7. The 0.02 s step 
size WOSM falls behind on the CFD simulation, whereas the 0.1 s WOSM more closely captures the flow rotation and trajectory.
Table 5
RMSE between the flow velocity profile modelled by the WOSM and CFD 
model using either subset averaging or subset priority. Values for RMSE are given 
for maximum velocity and depth-averaged (DA) velocity.
 Simulation technique RMSE

 Max velocity DA velocity
 Averaging Priority Averaging Priority 
 𝑉  = 0.5 m3/m, 𝑠 = 1:1.7 0.21 0.40 0.21 0.37  
 𝑉  = 1.25 m3/m, 𝑠 = 1:1.7 0.37 0.38 0.33 0.39  
 𝑉  = 1.5 m3/m, 𝑠 = 1:2.2 0.31 0.29 0.35 0.31  

profile. This is because the masked loss function focuses specifically 
on improving predictions within the water region, preventing the loss 
of learning capacity to the correct prediction of zero velocities in air 
cells. Contrary, the unmasked loss function treats all grid cells equally, 
minimizing errors uniformly across the grid. While the masked loss 
function leads to larger errors in air cells, they are filtered and returned 
to zero during post-processing by multiplying the predicted velocity 
grids with ̂BWM (see Appendix  B). As a result, the ViTI2I trained with a 
masked loss function predicts velocity values closer to the CFD model, 
whereas the unmasked model underpredicts flow velocities, resulting 
in decreased performance and higher RMSE values. The masked-loss 
ViTI2I with a step size of 0.1 s is used to evaluate the two subset 
merging techniques.

4.1.3. Subset merging technique selection
Simulations are generated using either subset averaging or subset 

priority, and the RMSE between the WOSM and CFD flow velocity 
profile is calculated. The results are presented in Table  5, indicating 
similar performance between the two merging techniques.

Since the RMSE results do not indicate a clear best-performing merg-
ing technique, velocity time series are analysed for further evaluation. 
The velocity time series modelled by both merging techniques are 
presented in Fig.  10.

The figure demonstrates that using subset priority leads to an accu-
rate velocity profile, as the WOSM captures a similar peak velocity and 
decreasing trend as the CFD simulation. The velocity profile modelled 
using subset averaging shows the WOSM maintains higher velocities for 
a longer period than the CFD model, even after the wave has fully 
passed in the CFD simulation. This occurs because subsets priority is 
better at prolonging changes that occur in the upstream region in 
downstream direction, improving the simulation of features such as 
deceleration and the tail of the wave (see Fig.  11).

Evaluation of different step sizes, loss functions and subset merging 
techniques demonstrated that the best-performing WOSM uses a 0.1 s 
step size, is trained with a masked loss function and applies subset 
priority. This WOSM generates simulations that display 10 s of wave 
overtopping with intervals of 0.1 s, producing 100 frames per sim-
ulation. In the next section, this best-performing WOSM is validated 
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Fig. 10. The maximum flow velocity profiles over time in the simulation of 
𝑉  = 0.5 m3/m with 𝑠 = 1:1.7 at locations x = 4 m (yellow colour tone) 
and x = 8 m (blue colour tone) as simulated by the WOSM (solid lines) and 
CFD model (dashed lines). Graph A shows the WOSM simulation generated 
using subset priority, where the WOSM velocity profile closely follows the CFD 
profiles at both locations. Graph B shows the WOSM simulation generated 
using subset averaging. This simulation technique leads to the WOSM simulating 
higher velocities than the CFD model, as shown by the solid lines exceeding 
the dashed ones.

against the original CFD model to assess its ability to generate simu-
lations that replicate the original hydrodynamics. For this validation, 
maximum values and time series of flow velocity, depth-averaged flow 
velocity and water depth are evaluated, vertical flow structures are 
compared and mass conservation is examined. The velocities and water 
depth are evaluated at locations D1–D4, as introduced in Section 3.5.1.

4.2. Validation of the hydrodynamics

In most cases, the WOSM captures the shape of the overtopping 
wave well. As shown in Figs.  12 and 13, the contours and area of 
the overtopping wave are similar between the WOSM and CFD model 
simulations. Cells where one model shows water and the other shows 
air naturally produce large differences, which clearly appear as dark 
blue or dark red areas in the error grids. In the cells where both models 
simulate water, the WOSM captures the velocity well. This is further 
described in the subsequent sections that evaluate velocity components. 
At times, the wave front modelled by the WOSM is slightly delayed 
compared to that of the CFD, as illustrated at t = 1.3 s in Fig.  12. This 
delay typically corresponds to a single time step, meaning the WOSM 
simulation reaches a given location 0.1 s after the CFD simulation. 
This figure also illustrates the limitation of the WOSM in predicting the 
entrapped air bubbles, as its simulations show a solid water body (see 
subplot A). In Fig.  13, an anomaly occurs where a small horizontal flow 
is simulated mid-slope. All results are further discussed in Section 5.1. 
Flow field results for the simulation of 𝑉  = 0.5 m3 with 𝑠 = 1:1.7 are 
presented in Appendix  C.
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Fig. 11. At input timestep 𝑡4, a decrease in water depth occurs at the inflow boundary, following a period of stable overtopping flow during timesteps 𝑡1–𝑡3. This 
change in hydrodynamics does not fall within the range of subset 2. This causes the ViTI2I prediction for this individual subset 2 to again show a stable flow at ̂𝑡5, 
as it has been given no information on this upstream change in water depth. In contrast, subset 1 does extract this change, and thus the ViTI2I correctly predicts 
a continuation of the decrease in water depth. When subset averaging is applied, the incorrect prediction in the upstream half of subset 2 is incorporated into 
the final predicted domain. subset priority produces a more accurate simulation by retaining only the downstream half, thereby better propagating the upstream 
change in flow towards the downstream direction.
Fig. 12. Results for 𝑈𝑚𝑎𝑔 as modelled by the WOSM and CFD model for an overtopping wave of volume 𝑉  = 2 m3 over a dike with slope steepness 1:2.5 at 
t = 0.6 s, 1.3 s and 5.1 s. The red-outlined areas are used to calculate the error by subtracting the CFD field from the WOSM field, as shown in the right-hand 
column. In these plots, dark blue areas indicate areas where the CFD model simulates water, but the WOSM models air. Contrary, dark red areas indicate areas 
where the WOSM models water, but the CFD model simulates air. At t = 1.3 s, the wavefront simulated by the CFD model is located further along the slope than 
the one modelled by the WOSM, illustrating the small delay of the WOSM simulation. In subplots A, it can be seen that the WOSM simulates a solid water body 
whereas the CFD model results in entrapped air bubbles within the wave.
4.2.1. Maximum values
The maximum values for flow velocity and depth-averaged flow 

velocity modelled by the WOSM and CFD model are presented in Fig. 
14. Each simulation is evaluated by computing the nRMSE (Eq.  (16)) 
and the results are presented in Table  6.

The results show good accuracy for the two velocity components, 
as a large number of points lie close to the line of agreement and 
the nRMSE values typically range between 1%–18%. This can be con-
sidered good, as the deviations represent only a small fraction of the 
mean velocities. Simulating overtopping volume 𝑉  = 1.5 m3/m over 
11 
slope steepness 𝑠 = 1:1.5 results in larger deviations at locations D3 
and D4, with the WOSM predicting zero velocity at D4. This is also 
represented in the increased nRMSE value, where the single outlier 
has a large influence. The WOSM water depths generally also align 
decently with the CFD model with almost no extreme outliers, except 
the zero water depth at D4 in the simulation of 𝑉  = 1.5 m3/m with 
s = 1:1.5. This outlier again causes a high value for the nRMSE. Also, 
some more notable deviations are observed at D2 for the simulations 
of 𝑉  = 2.0 m3/m with s = 1:2.5, 𝑉  = 1.25 m3/m with s = 1:2.2 
and 𝑉  = 1.5 m3/m with s = 1:2.2. Such individual deviations cause 
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Fig. 13. Results for 𝑈𝑚𝑎𝑔 as modelled by the WOSM and CFD model for an overtopping wave of volume 𝑉  = 4 m3 over a dike with slope steepness 1:3.0 at 
t = 0.6 s, 0.9 s and 6.8 s. The red-outlined areas are used to calculate the error by subtracting the CFD field from the WOSM field, as shown in the right-hand 
column. Dark blue areas indicate areas where the CFD model simulates water, but the WOSM models air. Dark red areas indicate areas where the WOSM models 
water, but the CFD model simulates air. At x = 600, a small horizontal flow can be observed that occurs mid-slope.
Fig. 14. Comparison of maximum values for flow velocity, depth-averaged flow velocity and water depth as simulated by the WOSM and CFD model at the 
four locations (D1 to D4). Each colour represents a different simulation, defined by the overtopping volume 𝑉  and slope steepness 𝑠. The marker shapes indicate 
the location where the maximum value is recorded. Points that lie exactly on the dashed grey diagonal indicate perfect agreement between the WOSM and CFD 
model outputs, whereas points further away reflect larger deviations. Results are shown in subplot A (flow velocity), subplot B (depth-averaged flow velocity), 
and subplot C (water depth).
the remaining nRMSE values to range between 6%–30%, making them 
generally higher than their velocity-related counterparts.

4.2.2. Time series
The results for the time series of maximum velocity, depth-averaged 

velocity and water depth are presented in Fig.  15. For all cases except 
𝑉  = 2 m3/m at location D2, the overtopping duration is accurately 
captured, as the arrival and passing of the wave occur at similar 
moments across the two simulations. The WOSM shows a large delay 
12 
in modelled velocity compared to the CFD model for the simulation of 
an overtopping volume of 2 m3/m at location D2, which affects the 
predicted overtopping duration (see graph B and F). Velocity is first 
recorded at t = 2.0 s in the WOSM simulation, compared to t = 0.6 s 
in the CFD simulation. Despite this delay, the velocity trends over 
time are otherwise very similar, with the WOSM capturing the initial 
peak velocity followed by a gradual decrease. This also holds for water 
depth, although larger deviations appear at location D3 and D4 for the 
simulation of 4 m3/m (graph K and L). In this case, the WOSM simulates 
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Fig. 15. The maximum velocity, depth-averaged velocity and water depth over time at locations D1, D2, D3 and D4 as modelled by the CFD model and the 
WOSM. Subplots A–D show the maximum velocity over time, E–H show the depth-averaged (DA) velocity over time, and I–L present the water depth over time. 
Columns 1 to 4 correspond to locations D1 to D4, respectively.
Table 6
The nRMSE between the maximum values for velocity, depth-averaged ve-
locity and water depth as modelled by the WOSM and CFD model. The 
nRMSE is computed for each simulation individually, using the four measured
locations.
 Simulation Maximum 

velocity
Depth-averaged 
velocity

Water depth 

 V = 0.5 m3/m, s = 1:1.7 0.120 0.121 0.144  
 V = 1.5 m3/m, s = 1:1.5 0.639 0.633 0.433  
 V = 2.0 m3/m, s = 1:2.5 0.110 0.103 0.209  
 V = 4.0 m3/m, s = 1:3.0 0.065 0.071 0.134  
 V = 1.5 m3/m, s = 1:3.5 0.010 0.025 0.059  
 V = 0.25 m3/m, s = 1:1.7 0.151 0.180 0.298  
 V = 1.25 m3/m, s = 1:2.2 0.028 0.053 0.249  
 V = 2.5 m3/m, s = 1:4.0 0.049 0.058 0.080  
 V = 1.25 m3/m, s = 1:1.7 0.023 0.018 0.189  
 V = 1.5 m3/m, s = 1:2.2 0.039 0.041 0.135  

a water depth that initially remains constant for 2-3 seconds rather than 
showing a decreasing trend.

4.2.3. Vertical flow structure
The vertical flow structure modelled by the WOSM closely matches 

that of the CFD model (Fig.  16). The WOSM shows good performance 
in capturing the vertical logarithmic structure of the flow. At locations 
where the WOSM overpredicts the water depth, the vertical flow pro-
files extend higher than those in the CFD simulation. In these cases, the 
WOSM still predicts a realistic and plausible pattern, as can be seen in 
the simulation of 𝑉  = 4 m3 at location D2.
13 
4.2.4. Mass conservation
Fig.  17 presents the total simulated area per time step, repre-

senting the mass in the simulation over time. The modelled area 
matches closely between both models for the simulation with the 
smaller overtopping volume 𝑉  = 0.5 m3/m. Deviations increase when 
larger volumes are simulated, and the largest errors occur during a 
period after the maximum area is modelled (between 𝑡 = 2–5 s). Near 
the end of the simulation, the deviation decreases and the modelled 
areas by the WOSM and CFD model converge again.

5. Discussion

The results reveal that the WOSM is capable of accurately repro-
ducing many key hydrodynamic patterns. Building on these findings, 
the discussion is structured as follows. Section 5.1 evaluates the per-
formance of the WOSM, identifying the conditions under which perfor-
mance declines and proposing possible mitigation measures. Section 5.2 
describes the capabilities and limitations of the WOSM in relation to 
existing modelling approaches. Section 5.3 discusses how the ViTI2I 
architecture and the training dataset can influence WOSM performance.

5.1. Surrogate model performance

The results in Fig.  14 indicate that the WOSM captures the max-
imum values for flow velocity well for all simulations among the 
four locations, except for location D3 and D4 in the simulation of 
𝑉  = 1.5 m3/m with 𝑠 = 1:1.5. Here, the WOSM simulations deviate 
significantly, predicting zero velocity and water depth at location D4. 
This results from the WOSM correctly simulating flow separation, 
but failing to model the flow reattachment. After flow reattachment 
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Fig. 16. The vertical flow structure at locations D1, D2, D3 and D4 at t = 2.7 s modelled by the CFD and WOSM. Simulation 𝑉  = 5 m3/m, s = 1:1.7 is not 
showing at location D4 because the wave has not reached this location yet.
Fig. 17. The total water area over time modelled by the WOSM (solid lines) 
and the CFD model (dashed lines). The deviation is largest around the peak 
and the period after.

occurs, the WOSM no longer produces meaningful results as the flow 
is incorrectly modelled. This likely occurs due to a lack of training 
data that shows flow reattachment, as only 12 simulations in the 
training dataset show clear flow separation and reattachment. This 
means there are only 12 examples from which the ViTI2I can learn how 
to predict wave reattachment, which can reduce its ability to learn this 
behaviour. In addition, flow separation and reattachment can increase 
the complexity of the simulation, as a separated flow is influenced by 
momentum and gravity and it is not as simple as aligning the flow to 
the dike profile. For the remaining simulations, the one of 𝑉  = 0.25 
with 𝑠 = 1:1.7 showed the largest nRMSE for both velocity and water 
depth. This overtopping volume is the smallest volume and is included 
only once in the training dataset. As a result, the ViTI2I has been 
given little data to learn from and cannot interpolate patterns observed 
from smaller overtopping volumes, making this simulation challenging 
to predict well. The remainder of the modelled water depths do not 
include extreme outliers, though more pronounced deviations occur at 
location D2, which lies just after the transition from crest to slope. 
This location is particularly challenging to predict, because it requires 
the WOSM to consider multiple aspects simultaneously—rotation of 
the flow direction and whether flow separation occurs. This increases 
the complexity of the prediction, as the same predictive capacity is 
required to make multiple correct decisions. Additionally, the nRMSE 
showed higher values compared to the velocity-related counterparts. 
Unlike velocity values, which are predicted by the WOSM as continuous 
variables and can deviate by any amount, water depth is derived from 
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the predicted BWM, which introduces errors in steps of 1 cm. The 
smallest possible deviation is one grid cell with a height of 1 cm, and 
errors increase per additional simulated cell. Since true water depths 
range from 0.03 m to 0.27 m, even a misclassification of a few cells 
can result in a relatively high nRMSE. A potential solution can be to 
introduce smaller cell sizes, which is further discussed in Section 5.3.

Challenges at location D2 are also visible in the time series results 
for flow velocities and water depth (Fig.  15). Overall, the WOSM 
performs well for time series as it accurately captures the overtopping 
duration, peak values and the expected decreasing trend with only very 
small delays. Such delays are, for example, observed at location D4, 
where the wavefront simulated by the WOSM arrives slightly later than 
in the CFD simulation. This effect is also visible in Figs.  12 and 13, 
where the WOSM wavefront is positioned further up the slope than the 
CFD wavefront. The delay is attributed to the crest-to-slope transition, 
where the WOSM must account for multiple interacting factors. This 
increases prediction complexity, causing the WOSM to require an extra 
timestep to reach the required state of flow rotation and velocity. This 
can introduce a small delay before the WOSM starts propagating the 
wave down the slope. A large delay is observed in the predicted velocity 
at location D2 in the simulation of 𝑉  = 2.0 m3/m with 𝑠 = 1:2.5, visible 
in graph B in Fig.  15. This delay results from the WOSM incorrectly 
predicting flow separation, when it does not occur in the original 
CFD simulation. This means that for some simulations, the WOSM 
simulates the wave front separated from the slope, before reattaching 
it to the dike profile. The flow velocity is only recorded when the flow 
is attached to the dike, so it appears in the WOSM flow velocity profile 
at 𝑡 = 2.0 s, which is the moment it reattaches the flow to the dike. 
Once the flow reattaches, the flow velocity is accurately modelled, 
still indicating good performance for predicting flow velocities. The 
incorrectly simulated flow separation can again be attributed to limited 
training data, because the training dataset only includes 28 simulations 
of individual wave overtopping. As each simulation only contains one 
specific sequence where the wavefront travels over this transition, there 
are only 28 examples from which the ViTI2I can learn. Another reason 
why the WOSM wrongly predicts flow separation is that it determines 
this based on the interpolation of learned patterns and not on any 
inherent understanding of physics. Due to its data-driven nature, the 
WOSM estimates whether separation occurs based on learned patterns 
instead of physical principles. When faced with unseen combinations of 
velocity and slope steepness, it can nudge towards the closest known 
pattern rather than computing the outcome based on physics.

Contrary to flow velocity, values for water depth are extracted 
regardless of whether the flow is attached or separated, which is why no 
delay in water depth is visible. Fig.  15 demonstrates that water depth 
over time is modelled well by the WOSM, although larger deviations 
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occur in the simulation with overtopping volume 𝑉  = 4 m3/m. This 
overtopping volume is the largest volume and is included only once 
in the training dataset. This causes the same problems as encountered 
when simulating the lowest overtopping volume. The ViTI2I has been 
given less data for this particular overtopping volume, and can inter-
polate less patterns to create new predictions. Errors can arise more 
easily, potentially leading to error accumulation, where small errors 
in early predictions are included in new input sequences, causing the 
model to make predictions based on flawed input data. This can lead 
to an amplifying effect, where the error increases as the simulation 
progresses. As a result, errors observed in Fig.  15 at location D3 and 
D4 (graphs K and L) are larger than the errors at D1 and D2 (graphs I 
and J), where the wave passes earlier.

The other evaluated velocity-related component is the vertical flow 
structure, which is accurately predicted by the WOSM (Fig.  16). This 
demonstrates the ability of the WOSM to learn the effects of the applied 
no-slip boundary condition in the CFD model, as the near-bed velocity 
profile is simulated well. This can be useful in erosion modelling, where 
the near-bed velocity profile influences the stresses applied to the bed 
profile. It could be explored to use smaller cell sizes to capture the 
velocity profile in more detail.

Finally, a comparison of the accumulated mass between the WOSM 
and CFD simulation is shown in Fig.  17, indicating that the WOSM 
reproduces a similar mass for the case with 𝑉  = 0.5 m3/m and 𝑠 = 1:1.7. 
However, deviations are observed for the simulations of larger over-
topping volumes. Three factors contribute to this increased mass. First, 
the WOSM does not recognize the behaviour of entraped air bubbles 
and simulates solid water bodies, resulting in larger simulates masses 
(Fig.  12). Second, the WOSM can overpredict water depths, which 
increases the total mass. This is visible in Fig.  15 (graphs J, K and 
L), where the simulated water depth for 𝑉  = 2 m3/m is larger in the 
WOSM simulation than in the CFD simulation between 𝑡 = 2–6 s. This 
occurs when the WOSM is uncertain about whether the flow should 
separate or remain aligned at the transition from crest to slope. In such 
cases, it may predict a combination of both, where the bottom layer 
aligns with the dike profile, while the top layer shows mild signs of 
flow separation. Although this effect is minimal, it stretches the flow 
vertically, increasing the water depth. Consequently, the deviation in 
mass is largest during the period the wavefront flows over the transition 
and shortly after. Once the flow velocity at the crest decreases, the 
WOSM recognizes that separation should no longer occur, and the 
stretching effect is resolved. Lastly, an anomaly appears in several 
simulations, where the WOSM predicts a horizontal flow mid-slope (Fig. 
18). This situation arises when the ViTI2I generates a poor prediction at 
a subset boundary. The boundaries of predicted grids are complicated 
to predict well, as the ViTI2I lacks information on what lies outside 
these boundaries. In such cases, it can assume a horizontal dike profile 
below the observed domain, causing it to predict a horizontal flow 
at the subset boundary. A potential solution is to develop a subset 
merging technique that retains only the central part of each predicted 
subset. This approach ensures that each preserved prediction is based 
on surrounding context and excludes predictions of boundary regions. 
The increase in mass deviation for larger overtopping volumes occurs 
because a greater volume leads to a larger water area and greater 
water depths, reinforcing two of the causes of mass deviation. First, 
a larger water surface allows more bubbles to form, resulting in more 
air being filled with water. Second, when a horizontal flow is mod-
elled mid-slope, the increased water depth from a larger overtopping 
volume causes greater mass deviation because more water is simulated 
incorrectly.

5.2. Surrogate model capabilities and limitations

The best-performing WOSM produces simulations of 100 frames, 
representing 10 s of individual wave overtopping. Generating one 
simulation with the WOSM takes 3–10 s on an NVIDIA H100 NVL GPU 
15 
Fig. 18. The WOSM simulation of an overtopping volume 𝑉  = 2.0 m3/m 
with slope steepness 𝑠 = 1:2.5 at t = 2.5 s. An incorrectly horizontal flow 
is predicted at x = 0.2 m. This flow stems from an incorrect prediction at a 
subset boundary.

and 15–50 s on an Intel® Xeon® Platinum 8462Y+ CPU with 44 cores. 
This is a significant improvement to the long runtime of the original 
CFD model, which requires approximately 4 h to produce one simula-
tion (Van Bergeijk et al., 2022). Additionally, the output of the WOSM 
is easily post-processed, as it consists of consistent two-dimensional 
grids over time that can be processed using programming software such 
as Python. This structured format reduces both complexity and storage, 
requiring around 400 MB per simulation when stored as 16-bit float, 
which slightly decreases numerical precision but has no meaningful 
impact. In contrast, the raw CFD output can be more complex, often 
requiring dedicated software for post-processing, and occupies around 
30 GB of storage per simulated wave. It is important to note that 
these differences are partly due to the CFD model providing output 
for additional variables such as stresses and pressures at intervals of 
0.01 s. While this results in a detailed dataset, it also contributes to the 
computational demand of the CFD model, as small step sizes are often 
necessary to maintain numerical stability.

The increased speed and the reduced storage size become increas-
ingly significant when scaling up to larger experiments. Translating 
this into the overtopping experiment modelled by Van Bergeijk et al. 
(2022), the WOSM would require approximately two hours and 330 GB 
of storage to simulate all 858 waves in the storm. The total compu-
tational cost and storage scale linearly with the number of waves, as 
each individual overtopping wave within the storm is simulated inde-
pendently by generating a simulation with the corresponding boundary 
conditions. This results in an equal number of distinct simulations. 
These conditions are feasible compared to those imposed by the use 
of CFD models and demonstrate the added value of the WOSM, al-
lowing for the implementation in sensitivity analyses or probabilistic 
design. Additionally, the WOSM enables easier adjustments to the 
dike geometry compared to the CFD model, as it uses simple two-
dimensional grids such as the binary dike mask, and does not require 
defining a domain and building the mesh. This makes the WOSM 
suitable for exploring the effects of updating the bed profile due to 
erosion on wave overtopping during the modelling of storm events. 
In future work, the WOSM framework can be extended to account for 
bed slope variations by coupling the predicted hydrodynamics with an 
erosion model. Aguilar-López et al. (2018b) and Van Bergeijk et al. 
(2021) proposed equations to estimate erosion depth based on the 
combination of load and resistance. The applied load results from the 
overtopping wave and, depending on the chosen erosion model, can 
be estimated either by computing stresses using the modelled water 
depth and flow velocity or by implementing velocity directly into the 
erosion depth equation. The resistance can be defined as a critical 
value for applied stress or velocity below which no erosion occurs. 
Applying this approach across the dike profile gives the resulting cross-
profile erosion depth. Bed slope variations can be incorporated into 
subsequent simulations by modifying the binary dike mask according 
to the computed erosion depth. This is achieved by setting cells with 
a value of 1, representing the dike, to 0, representing air cells. In the 
current set-up, the grid resolution is 1 cm x 1 cm, which means erosion 
can only be included with steps of 1 cm. A possibility is to keep track of 
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the accumulated erosion until it reaches 1 cm, before implementing it 
into the binary dike mask. After each update, a new simulation can be 
generated over the eroded profile. However, this process would require 
additional training data (see Section 5.3). Although 1 cm steps can 
be sufficiently fine for many practical applications, the discretization 
represents a limitation as it restricts the incorporation of arbitrary 
erosion depths. Nevertheless, the WOSM offers new opportunities for 
applications such as sensitivity analyses, probabilistic design, and the 
exploration of bed slope variations, which are difficult to achieve with 
the currently available methods. The WOSM framework can provide a 
solution to the lack of spatiotemporal detail in formulas and the high 
computational demand of CFD models for large-scale studies.

While the WOSM offers valuable possibilities, it also faces limita-
tions because it lacks any inherent understanding of physics. Unlike 
in CFD models, where pressures and stresses can be automatically 
derived, these must be manually computed in the WOSM using Python 
scripts. In the current set-up, this would require using water depths 
and flow velocities to calculate the load applied to the bed cover by 
the overtopping wave. This is a simplified approach compared to CFD 
models, which can solve the governing equations to directly compute 
pressures and stresses. The absence of physics also means that not all 
physical variables are fully represented. For instance, the water fraction 
is simplified to a binary value in the BWM and values for variables 
such as Nikuradse roughness height, fluid density and fluid viscosity are 
fixed by the training data. These can only be changed through retrain-
ing the model or modifying the WOSM framework. Also, the WOSM 
does not explicitly model turbulence, but its effects are embedded in 
the velocity fields. These velocity fields are generated by a CFD model 
that used the 𝑘 − 𝜔 SST turbulence model, meaning the influence of 
turbulence is reflected in the resulting flow patterns. As a result, the 
WOSM implicitly learns the impact of turbulence through the velocity 
inputs, but does not model the turbulence directly. This capability could 
be added by including turbulence fields in the model input and output, 
enabling the WOSM to learn and predict turbulence values. Finally, 
external forces can only be applied at the start of the domain, as the 
remaining dynamics are processed through WOSM predictions. Overall, 
the data-driven structure provides speed and simplicity, but reduces 
versatility by limiting the applicability of the WOSM to the scope of 
the training data and framework characteristics.

Beyond these conceptual constraints, there can also be practical 
challenges for broader implementation within hydraulic engineering 
practices. The nature of the WOSM requires that the input data matches 
the format of the training data. Users must therefore supply input data 
in the same preprocessed shape, which can introduce an additional 
learning requirement to understand and reproduce the preprocessing 
steps. While the WOSM framework, combining the ViTI2I model with 
the applied simulation technique, demonstrates a potential method for 
developing new training procedures and applications, any specifically 
trained WOSM only understands input data that resembles the training 
data. This may hinder its direct applicability for new users, as they may 
first need to learn the preprocessing process before applying the WOSM 
to new cases.

By transforming the OpenFOAM velocity fields into grids for deep 
learning, the physical scale can be lost. This means that parameters like 
the Froude number may no longer be preserved, which is essential in 
numerical modelling to ensure that the simulation reflects real-world 
physical behaviour. In this case, the transformation is a preprocessing 
step to enable a data-driven approach that does not rely on physical 
laws. The decoupling of dimensional meaning is therefore less relevant, 
because the WOSM is trained to interpolate learned patterns in the 
preprocessed data rather than to simulate flow governed by physics. 
As a result, the WOSM does not incorporate any physical principles to 
create its predictions. It operates on learned spatiotemporal patterns, so 
its predictions are not derived from physical laws that ensure real-world 
behaviour. Instead, its performance is evaluated based on its ability to 
replicate the hydrodynamic behaviour present in the preprocessed data.
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5.3. Deep learning model and training dataset

The final version of the ViTI2I, used in the WOSM for generating the 
simulations that are validated on hydrodynamics, has 1.6 million train-
able parameters and is trained using a training dataset that consists of 
443 thousand samples. The amount of training data is likely insufficient 
to reach an optimally trained model, as the training samples cover 30% 
of the trainable parameters. For comparison, the original ViT achieved 
optimal performance when trained on a dataset with a similar number 
of samples as trainable parameters (Dosovitskiy et al., 2020). Improving 
the ratio of parameters to samples can enhance the ability of the model 
to capture the hydrodynamic behaviour of wave overtopping. This is 
achieved by either reducing the size of the ViTI2I or increasing the 
dataset size. Reducing the size of the model involves changing the 
encoder or decoder. The encoder can be reduced by (1) lowering the 
number of embedding dimensions, (2) reducing the amount of attention 
computations in the transformer encoder, or (3) decreasing the number 
of patches by increasing the patch size or reducing the input grid 
dimensions. However, a lower number of embedding dimensions or a 
larger patch size can result in worse understanding of local patterns and 
less attention computations can lead to worse understanding of global 
patterns. Decreasing the size of the decoder is achieved by using smaller 
kernels or fewer layers, but this may reduce its ability to interpret the 
latent space and produce detailed predictions. If the model size is not 
reduced and the current ViTI2I architecture is retained, approximately 
98 simulations with spatial and temporal dimensions comparable to 
the original dataset are required to reach a balanced parameter-to-
sample ratio. In addition, WOSM performance could potentially be 
improved through hyperparameter tuning of the ViTI2I. This was not 
performed in the present study, as the delivered WOSM already pro-
vided sufficiently accurate results to demonstrate a novel approach to 
simulating wave overtopping and further optimization for end-product 
implementation was considered beyond the scope of this research.

Besides increasing the relative number of samples compared to the 
trainable parameters, the training dataset can also be tailored to further 
enhance the training process. For instance, the transition from crest to 
slope is a challenging location to predict well, and the ViTI2I would 
benefit from a training dataset that displays more combinations of 
overtopping volumes and slope steepnesses at this transition. This could 
improve the capacity of the WOSM to predict flow separation accu-
rately, or mitigate the effect of the WOSM increasing the water depth 
when it simulates a combination of flow separation and alignment. 
Alternatively, the training dataset can be adapted to match the intended 
application of the WOSM. While the current dataset by Van Bergeijk 
et al. (2022) focuses on investigating flow separation, real-world over-
topping events more often involve lower volumes and gentler slopes, 
where separation does not occur. Including more common scenarios, 
such as dikes with berms, can help the WOSM learn patterns that are 
more relevant for practical applications. If the WOSM is to be applied 
in erosion modelling, training data is required that includes wave 
overtopping simulations over dikes with erosion holes. The current 
training dataset solely includes dikes with straight slopes, which means 
the ViTI2I has not been trained to replicate the hydrodynamics of 
overtopping waves over slopes with erosion holes. For this research, no 
further expansion of the training dataset was pursued, because the size 
of the ViTI2I and training dataset were undetermined at the start. Only 
after the development of the ViTI2I and the initialization of the training 
dataset parameters were their sizes defined. Therefore, the goal was to 
develop a method given the available dataset. As the results serve as 
a proof-of-concept, dataset expansion and refinement is recommended 
for future research.

Vision Transformer-based models are inherently trained on fixed-
size input grids and patch sizes. In this study, a 200 x 200 grid with 
10 x 10 patches represents a 2 m x 2 m domain with patches of 
0.1 m x 0.1 m . If the spatial resolution of the simulation domain 
increases, individual cells represent smaller areas, and the same input 
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grid covers a smaller spatial domain. To maintain the same spatial 
representation, the input grid must be enlarged, increasing the total 
number of patches and the computational cost of the attention mecha-
nism. Enlarging the patch size reduces this cost, but maintaining local 
detail then requires increasing the embedding dimension, leading to 
a larger model size. This means that although the ViTI2I architecture 
is scalable, depending on the characteristics of the specific case, it 
involves trade-offs between attention mechanism computations, local 
accuracy, and total model size. Additionally, this study did not include 
an analysis of the impact of varying input grid and patch sizes, and it 
therefore cannot be concluded that the current setup is optimal for cap-
turing wave overtopping hydrodynamics. However, the selected input 
grid and patch sizes delivered good performance for demonstrating the 
feasibility of the WOSM and was therefore adopted. A full sensitivity 
analysis of multiple ViTI2I architectures involves the time-consuming 
process of training additional models and was considered beyond the 
scope of this study, but it remains an important area for future research 
within the WOSM framework.

The WOSM uses the ViTI2I, which combines a ViT-based encoder 
with a convolutional decoder for next-frame prediction in wave over-
topping simulations. Other deep learning models suited for handling 
spatiotemporal processes often rely on recurrent and convolutional 
structures, such as the ConvLSTM (Shi et al., 2015). While no di-
rect comparison is made, the resilience of the ViTI2I against error 
accumulation is noteworthy and likely a result of its transformer-
based architecture. In general, errors are not amplified over space 
and time, which demonstrates the ability of the ViTI2I to capture and 
propagate relevant spatiotemporal processes. This can be attributed 
to the attention mechanism, which links different parts of the input 
regardless of their distance. As a result, the model appears better able 
to predict complex phenomena such as flow separation and can adapt 
to varying conditions. The patch embeddings enable the model to first 
encode local features, such as different geometries or regions in the 
domain, before using attention to transfer relevant information across 
the input sequence. This supports generalization and is expected to 
offer advantages over ConvLSTM architectures, which process spatial 
and temporal patterns per time step in a coupled manner and primarily 
focus on local regions.

6. Conclusions and recommendations

This research proposes the WOSM, a novel method for rapidly 
generating two-dimensional wave overtopping simulations while pre-
serving detailed velocity patterns. The foundation of the WOSM is 
a newly developed deep learning model, the ViTI2I. This model is 
a next-frame prediction model, predicting the next-frame based on 
an input sequence of previous time step frames. The ViTI2I is an 
encoder–decoder mechanism, for which an adapted ViT architecture 
is used to capture spatiotemporal patterns in an input sequence, and 
deconvolutional layers decode these patterns into accurate predictions.

The ViTI2I is trained with various step sizes and two different loss 
functions, and two different methods are tested that implement the 
trained ViTI2I for generating the simulations, resulting in the WOSM 
framework. The findings are that larger step sizes in the training dataset 
can create more pronounced patterns in the training dataset of which 
the ViTI2I can learn, which can enhance the ability of the WOSM 
to predict challenging locations such as the transition from crest to 
slope. Applying a mask in the loss function provides control over the 
training process and forces the ViTI2I to focus on relevant errors within 
the water body, which increases its performance in predicting velocity 
values well. Using a simulation technique that retains the downstream 
part of predictions leads to more accurate simulations as changes 
upstream are better propagated downstream, such as deceleration and 
the tail of the wave.

The WOSM requires 3–10 s to generate simulations when using 
GPU (NVIDIA H100 NVL) and 15–50 s when using CPU (Intel® Xeon®
17 
Platinum 8462Y+ with 44 cores). Validating the WOSM against a 
CFD model indicated good performance capturing the trajectory and 
shape of the overtopping wave, as well as hydrodynamic variables 
such as flow velocity, water depth, overtopping duration and vertical 
flow structure. The WOSM simulations showed anomalies, such as 
incorrect modelling of flow separation at the transition from crest to 
slope and the simulation of a horizontally directed flow along the 
slope. To resolve these issues, it is recommended to develop a tailored 
training dataset that includes challenging locations, particularly the 
transition from crest to slope, and to implement an alternative sim-
ulation technique that preserves the central part of each individual 
subset prediction, thereby ensuring that each prediction is based on 
surrounding context. Additionally, it is recommended to increase the 
ratio of dataset size to trainable parameters to further enhance the 
training process.

Within the context of this research, the WOSM provides a frame-
work suitable for experimentation in probabilistic design and sensi-
tivity analyses, due to its computational efficiency, accurate hydro-
dynamic modelling and the reduced complexity of generating and 
processing simulations. This research also serves as a proof of concept 
that the WOSM framework can efficiently generate detailed, complete 
simulations, which may be valuable in other domains facing similar 
limitations.
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Appendix A. Maximum flow velocity profile

Fig.  A.19 shows the maximum flow velocity profile modelled by the 
WOSM and the CFD model. The solid lines show fluctuations, which are 
due to the applied step size causing the wave to travel further between 
consecutive frames. Each simulation is evaluated by calculating the 
RMSE between the smoothed velocity profiles (i.e. the dashed lines).
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Fig. A.19. The maximum flow velocity profile along the dike profile in the CFD and WOSM simulation of 𝑉  = 1.25 m3/m with 𝑠 = 1:1.7. The dark blue and 
red dashed lines show the smoothed data. The vertical grey dashed lines indicate the location of transition from crest to slope and the toe of the dike.
Fig. B.20. The post-processing procedure that transforms raw predictions to the final grids. First, the binary water mask is transformed into probabilities by 
applying a sigmoid function. The grid is then changed into a binary grid with only ones and zeros. Multiplying the binary water mask with the velocity grids 
leads to the post-processed velocity grids.
Appendix B. Post-processing predictions

The post-processing procedure is presented in Fig.  B.20. The ViTI2I 
predicts three grids, the ̂BWM and the two velocity grids. The predicted 

̂BWM contains confidence scores on whether a cell is water or air. 
As a post-processing step, these confidence scores are converted into 
probabilities using a sigmoid activation function. Now, values close to 1 
indicate the ViTI2I is confident it is water, close to 0 that it is confident 
it is air and values that are in between 1 and 0 means the model is 
uncertain. This grid of probabilities is transformed into a binary field 
by changing all values of 0.5 and larger to 1, and all values below 0.5 
to 0. This returns the final post-processed ̂BWM, which is used to post-
process the predicted velocity grids. To ensure that expected air cells 
are applied zero velocity, the post-processed ̂BWM is multiplied with 
18 
the predicted velocity grids. This operation returns all velocity values 
in expected air cells to zero and retains only velocity values in the water 
region, completing the final predicted frame 𝑡5.

Appendix C. Two-dimensional flow field 𝑽  = 0.5 and 𝒔 = 1:1.7

The result of the two-dimensional flow field for the simulation of 
𝑉  = 0.5 and 𝑠 = 1:1.7 is presented in Fig.  C.21. The water shape and 
contours are captured well, although the WOSM again simulates the 
wavefront with a small delay.
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Fig. C.21. Results for 𝑈𝑚𝑎𝑔 as modelled by the WOSM and CFD model for an overtopping wave of volume 𝑉  = 0.5 m3 over a dike with slope steepness 1:1.7 at 
t = 1.1 s, 1.6 s and 3.2 s. The red-outlined areas are used to calculate the error by subtracting the CFD field from the WOSM field, as shown in the right-hand 
column. Dark blue areas indicate areas where the CFD model simulates water, but the WOSM models air. Dark red areas indicate areas where the WOSM models 
water, but the CFD model simulates air.
Data availability

OpenFOAM data will be made available on request, contact Vera 
van Bergeijk. The sharing of the Python code can be coordinated 
through Juan Pablo Aguilar-López.
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