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ARTICLE INFO ABSTRACT

Keywords: It has been well-known that the incompressible Smoothed Particle Hydrodynamics (ISPH) is a
graph neural network (GNN) powerful method for simulating violent wave-structure interactions (WSIs) concerned in marine
ISPH

engineering. However it is time consuming, primarily due to the need of solving pressure Pois-
son’s equation (PPE) involved in this method. In our previous publications, we are first to propose
a hybrid approach embedding the graph neural network (GNN) into ISPH method to form the
hybrid ISPH_GNN method for simulating free-surface problems, where the GNN is employed to
replace solving the PPE. We demonstrated that the computational time for evaluating the pressure
using GNN can be of one order less than that spent by directly solving PPE to achieve similar level
of accuracy. More importantly, we also demonstrated in our previous publications that the GNN
trained only on data for wave-only (referring to no structure or obstacles in wave fields) cases can
be satisfactorily applied to the cases for wave-floater interactions. However, what we have not
previously studied is if the GNN trained only by using wave-only cases can be used for simulating
violent WSIs. One of the original contributions of this paper is to answer this question. In addi-
tion, transfer learning has been proved to be a machine learning (ML) technique that can
significantly enhance efficiency and improve the performance in other fields but has not been
explored in the hybrid ISPH_GNN method. Another original contribution of this paper is to
explore the potential of integrating transfer learning with the ISPH_GNN for simulating violent
WSIs. Specifically, we will demonstrate that the GNN trained by using data from sloshing and
dam-breaking cases without any structure (termed as wave-only data in this paper) can be
employed to simulate more complex cases, such as water entry of an object, wave impact on a
trapezoidal structure and wave interaction with an oscillating wave surge converter, all of which
involve violent WSIs. We will also demonstrate that the transfer learning technique with use of a
small volume of additional data has a potential in enhancing the prediction accuracy of the
ISPH_GNN. Furthermore, we will show that the ISPH_GNN significantly reduces computational
time for pressure evaluation in violent WSI cases, even with a more significant reduction
compared to wave-floater interaction cases studied in our previous work. These highlight the
strong potential of the ISPH_GNN for broad applications in marine engineering, opening a novel
route to employ ML without need of generating data for very complex cases of violent WSIs.

PPE

violent WSIs
wave-only data
transfer learning

* Corresponding author.
E-mail address: q.ma@city.ac.uk (Q. Ma).

https://doi.org/10.1016/j.jcp.2025.114277

Received 3 December 2024; Received in revised form 6 July 2025; Accepted 4 August 2025

Available online 6 August 2025

0021-9991/© 2025 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).


mailto:q.ma@city.ac.uk
www.sciencedirect.com/science/journal/00219991
https://www.elsevier.com/locate/jcp
https://doi.org/10.1016/j.jcp.2025.114277
https://doi.org/10.1016/j.jcp.2025.114277
http://creativecommons.org/licenses/by/4.0/

N. Zhang et al. Journal of Computational Physics 540 (2025) 114277

1. Introduction

In recent years, researchers have increasingly explored the applications of machine learning (ML) techniques in the field of
computational fluid dynamics (CFD) [1,2]. For instance, ML-based data-driven methods have been employed as alternatives to
traditional CFD approaches, which typically involve directly solving governing equations for fluid simulations [3]. These methods
have been used for tasks such as predicting the positions and velocities of fluid particles [4], and modeling wave-structure interactions
for moored floating structures [5]. Additionally, some physics-informed machine learning models have been developed to solve fluid
dynamics problems, including the use of physics-informed neural networks (PINNs) for incompressible [6,7] and compressible flows
[8], as well as a physics-informed Long Short-Term Memory network (LSTM-PINN) for predicting wave-structure interactions [9].
These method does not involve solving any physics equations. Moreover, researchers have explored the potential of ML models to
replace complex and computationally intensive steps in traditional CFD workflows with other parts solved from physics equations,
which as termed as hybrid PE-ML method in this paper. In this context, Tompson et al. [10] utilized a convolutional neural network
(CNN) to perform pressure projection in Eulerian-based solvers, thereby enhancing the efficiency of Eulerian fluid simulations. Ling
etal. [11] introduced a novel neural network architecture as an alternative tool for the prediction of Reynolds stress anisotropy tensor
for turbulence modeling. Furthermore, Kochkov et al. [12] developed ML-based algorithms capable of accurately solving equations on
coarser grids by substituting components of conventional CFD solvers affected by resolution loss with high-performing learned al-
ternatives, thus speeding up fluid simulations.

The meshfree particle method is a significant category within CFD approaches. As a popular Lagrangian meshless particle method
[13-18], the incompressible Smoothed Particle Hydrodynamics (ISPH) has demonstrated considerable promise as a numerical tool for
simulating fluid dynamics problems, including breaking waves and wave-structure interactions [19-23]. The ISPH method relies on a
projection approach that involves solving a pressure Poisson equation (PPE) for pressure evaluation [24], which is the most
computationally intensive step in ISPH simulations. To address this challenge, Zhang et al. [25] firstly introduced a hybrid PE-ML
method in the ISPH model using a convolutional neural network (CNN) to replace the traditional PPE solution for pressure evalua-
tion in free-surface flow simulations. However, since CNNs operate through convolutions on a uniform Cartesian grid, the input
data—such as field information and domain geometry, must be formatted on regular grids. This requirement poses inherent limitations
for CNNs, making it challenging to apply them to particle-based problems where particles are irregularly distributed.

Graph Neural Networks (GNNs) [26,27], as part of the geometric deep learning framework, are built on graph structures where
information at nodes can be organized in either regular or irregular formats. This flexibility gives GNNs a significant advantage for
particle-based simulations, such as Lagrangian ISPH simulations, where data are typically represented by irregularly distributed
particles. Several studies have employed GNNs to model fluid dynamics within particle-based (mesh-free) frameworks. Kumar and
Vantassel [28] developed the Graph Network Simulator (GNS), which learns the underlying physics and predicts the flow of particle
and fluid systems by discretizing the domain into nodes that represent particle groups, with edges indicating local particle interactions.
Li and Farimani [29] proposed a GNN-based, data-driven method for fluid simulations using a Lagrangian particle representation. Bult
on success of GNN in other fields, Zhang et al. [30] further developed the hybrid PE-ML method based on ISPH, in which the GNN
replaces the pressure Poisson equation (PPE) solver in conventional ISPH, named as ISPH_GNN in this paper for convenience. In these
studies, the cases generating data for training GNN remain within a similar range of cases as those they studied using the trained GNN.

Moreover, we have applied ISPH_GNN with a GNN model trained only on data from simple wave propagation cases without any
structure in wave fields to satisfactorily simulate wave-floater interactions in our previous publication [31]. However, one area that
remains unexplored is whether the ISPH_GNN with a GNN model trained only by wave-only data (referring to the data for cases where
there are no any structures in wave fields) can be used for simulating violent WSIs. The study of violent WSIs is particularly challenging
due to the complex and highly nonlinear nature of these phenomena. Accurately understanding violent WSIs is essential for the safe
and efficient design of marine infrastructure. Thus, it is critical to study violent WSIs for advancing the field of ocean and coastal
engineering. To the best of our knowledge, no existing research has employed the GNN-supported ISPH method for simulating violent
WSIs.

In this paper, we adopt the ISPH_GNN to simulate violent WSI problems. A key contribution of this paper is demonstrating that
ISPH_GNN with the GNN trained on data from dam-breaking and sloshing cases without any structure can effectively simulate a broad
range of violent WSI problems, including water entry of an object, the solitary wave impact on a trapezoidal structure and the regular
wave interaction with an oscillating wave surge converter (OWSC). Additionally, by utilizing training data from dam-breaking and
sloshing scenarios, which are characterized by considerably smaller computational domains compared to the regular and solitary wave
propagation cases used to generate data in our prior work [31], both data generation and model training times are significantly
reduced. This suggests that a well-performed ISPH_GNN model can be achieved at a low training cost by selecting the appropriate
training data. These findings highlight the robust potential of the ISPH_GNN model for violent WSIs simulations.

Another key contribution of this paper is the investigation of transfer learning potential in enhancing the accuracy of the GNN
model when combined with the ISPH method for violent WSIs simulations. Transfer learning is a well-established technique for
improving both predictive accuracy in machine learning models by leveraging knowledge from pre-trained models on large datasets to
enhance performance on target tasks with limited data availability [32-34]. This is especially valuable in CFD applications, where
generating extensive training datasets is often costly and time-consuming. By transferring learned features and patterns from related
problems, transfer learning can minimize the need for extensive retraining on target problems. Additionally, it can accelerate the
training process, allowing the fine-tuned model to build upon prior knowledge rather than starting from scratch, leading to faster
convergence and reduced computational costs. While several studies have demonstrated the effectiveness of transfer learning for
improving the performance of GNN models [35,36], there has been no research on its application in the context of a hybrid ISPH_.GNN
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method. Here, we demonstrate the potential of applying transfer learning to simulating violent WSIs.

2. Mathematical and numerical formulation of ISPH_GNN

2.1. Lagrangian ISPH

In the current ISPH framework, the fluid is treated as incompressible and its behaviour is governed by the Navier-Stokes and
continuity equations, which are expressed as follows:

Du 1 2
ﬁ**ZVP+8+DVu 1)
V-u=0 2)

where u, p and p represent the fluid’s velocity, pressure, and density, respectively, while g denotes gravitational acceleration and v is
the fluid’s kinematic viscosity. Eq. (1) is expressed in a Lagrangian framework, where D/Dt signifies the material derivative that
follows the movement of the fluid particles.

On the solid boundaries, the velocity and pressure are subject to the following Neumann boundary conditions:

u-n=U-n 3)
n-Vp=pn-g—n-U), @

where n represents the unit normal vector of the solid boundary, U and U denote the velocity and acceleration of the solid boundary,
respectively.
At the free surface, the following pressure condition is applied:

p=0 %)

A projection method is employed to address the governing equations and boundary conditions, consisting of three primary steps:
Prediction Step: This involves forecasting the intermediate velocity and position of particles using

u =u,+ Au’ 6)
Au' = (g+uVPu)At ()
r'=r+u'At (8)

where u, and r; represent the velocity and position of a particle at time t, respectively; At is the time step size; u* and r* denote the
intermediate velocity and position of the particle.

Pressure Projection: By substituting Eqgs. (6) and (7) into Egs. (1) and (2), the pressure Poisson equation (PPE) can be derived as

V2priae = %. Based on the work in [19,21], an alternative formulation [21,23] is applied to all internal fluid particles.

b d
V2Pt+A[ = At )

where ¥ = a";—‘f + (1 — a)pV - u*, with a being the blending coefficient, typically chosen as a small value like 0.01. p* represents the
particle density at the intermediate time step, estimated as EJI-VZI ij(ri*j), where N is the number of particles within the influence
domain of particle i, m; is the mass of the neighbouring particle j. In this study, the cubic B-spline kernel introduced by Monaghan and
Lattanzio [37] is employed as the kernel function W(r;)

Correction step: Once the pressure p; ¢ at time t + At is predicted, the velocity adjustment during the correction step is computed
as follows:

At
u” = *? VDeiae 10)

The particle’s velocity and position at t + At are subsequently updated using:
Uppr = U + U™ (11

U + Uppar

5 At (12)

Teonae =T +

In each time step, the velocity divergence and viscous terms are estimated using classic SPH formulations [14,37], while the
pressure gradient is determined by the semi-analytical finite difference interpolation scheme (SFDI) [38].
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Fig. 1. Illustration of the GNN architecture.
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where m is the particle mass, # is a small number to prevent singularity, u; = u; — u;,
2
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Y =N P W(ry), i = S W(ry) and Bj» = g = W(ry), in which x,, = x when x
=y or xm =y when x; = x, and r"represents the position vector component along the x,, direction.
To solve the PPE (Eq. (9)), various discretization schemes have been devised for the Laplacian operator, with the following classic

approach being widely used.

r [y

1 Yoo8m (P —P)ry

V. (—vpi) =y —7 (2—1)2’ - ViW(ry) (16)
P =1 (/)i+/’j) Ty

Further information on the numerical implementation, such as the discretization of the PPE, the methods for handling boundary

conditions, and the approach for addressing the gradient and divergence operators in the conventional ISPH method, is provided in
[21,23].

2.2. GNN model

The GNN model [29] utilized in this study operates by performing convolutions on graphs characterized by nodes and their spatial
relationships [39]. As illustrated in Fig. 1, the GNN framework consists of three main phases: encoding, message-passing and decoding
[30,33].

The function of the encoding phase is to transform the input data into network embeddings suitable for graph convolutions. For
instance, in Fig. 2, initial input q? for particle i is converted into node embedding h? through a learnable encoder en(), which is built on
a multi-layer perceptron (MLP) with N layers:

en(q)) = o(wiq' ! +b;) withl=1,2,3.....n (17a)

h? =en (a}) (17b)

where o() represents the activation function, while w; and b; refer to the learnable weight vector and bias term for the 1-th layer of the
MLP, respectively. The feature of the node at the r-th layer is denoted as q!. The resulting h?serves as the input for the graph
convolution process described in the following sections.

Within the message-passing block, the effect of neighbouring node j on node i during the i-th layer convolution is represented by
mj_;, which is defined as follows.
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dashed arrows).

mJl.ﬁi = hjl.’l W(ry,70) (18)

wherehjl-’1 denotes the node embedding of neighbor node j in the i-th layer of convolution, and the weight is given by W(ry, ro) =

{

ro/rij—1 0 <ry <r . . . . P . .
o/T 7 =70 Where ry is the radius of the influence domain, which is taken as a value of 1.7dx and dx is the initial particle

0 rij > To
spacing. The influence from all the neighbouring nodes is aggregated and given by

N i
Som: .

M = 7;:‘“ = (19)

i W(ry,mo)
In the i-th layer of message passing, the node embedding of the node i is calculated by
b = o(W;M{ +bh ) with [=1,2,.....L, (20)

where w; and bj are the learnable weight vector and bias term in the I-th layer of message passing.

After completing the message passing through L layers, the output o; (representing pressure in this paper) is obtained by decoding
the final embedding hlusing a learnable decoder den(), which is structured as a multi-layer perceptron (MLP) with N layers. This
process follows a similar approach to Eq. (21) but uses different learnable weights w; and bias terms b;:

den(hﬁ) = o(w;' h! +b;’) withl=L+1,L+2,....L+N (21a)

o; = den(h;™) (21b)

In this study, both the encoder and decoder MLPs consist of three layers, and the number of recursive message-passing layers is set
to two, following the studies in [30,34] and the results discussed in Sections 3 and 4. The intermediate message-passing block is
implemented as an MLP with a structure of (64, 64). Gaussian Error Linear Units (GeLUs) [40] are used as the activation function for all
layers to introduce non-linearity.
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Fig. 3. Sketch of the numerical water tank for generating training data.
2.3. Incorporating GNN with ISPH

In the ISPH_GNN approach, a Graph Neural Network (GNN) is used to substitute the traditional PPE solver in conventional ISPH
method. Fig. 2 depicts the flowchart of the ISPH_GNN process, in which solving the PPE in the conventional ISPH is replaced by the
trained GNN model, represented by fgny in the figure with the details given below. This figure provides an overview of the GNN model,
its integration with ISPH, and the training and implementation of the GNN. For more comprehensive information, refer to Zhang et al.
[30].

2.3.1. Input parameters

To ensure accurate predictions, the input variables for the GNN model must effectively capture key hydrodynamic properties.
According to the study in [30], the term ¥ in the right hand of PPE, the intermediate velocity u* and the pressure pg, = p; —ps at the
previous time step are adopted as the input parameters to train the GNN model for predicting the pressure pg;. .. It’s important to note
that, during both training and prediction, the total pressure p is decomposed into two components: the reference pressure ps, and the
rest part of pressure pg, i.e., p =pq + ps. The reference pressure p; can be directly calculated by pgz, where % is the vertical distance from
the fluid particle to its nearest free-surface particle. More details about evaluating p; can be found in [30]. The GNN model, represented
by the function fgny, takes these inputs and predicts the pressure at the next time step pg..a,. Mathematically, the relationship is
expressed as:

ﬁd,t-mr = fonn (lyy u’,pay, Cp) (22)

here, ¢, represents the network coefficients—specifically, all the weights and biases involved in Eqgs. (17), (20), and (21). These co-
efficients are optimized during the training process, as detailed in Section 2.2.

Once the GNN model is trained, the pressure pq .. s, can be predicted using the input data ¥, u* and p4, through the GNN model fonn
with the network coefficients c,. After making predictions with the GNN model fgyn, the total pressure of fluid particles, required for
updating the velocity field in Eq. (1), can be determined by:
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Pesat = Dderae + Ds (23)

Further discussions regarding the selection of input parameters can be found in [30].

2.3.2. Training data

In this study, the GNN model is trained using data generated from the cases for dam breaking and sloshing, which are conducted
using the consistent second-order ISPH method (ISPH_CQ) [41]. The governing equations and boundary conditions in ISPH_CQ are
identical to those in the conventional ISPH. However, ISPH_CQ employs the quadratic SFDI method (QSFDI) [42] for numerical ap-
proximations of the Laplacian operator, velocity divergence, associated Neumann boundary conditions, and pressure gradient. Some
formulas for evaluating Laplacian operator and divergence by QSFDI are given in Appendix. More detailed information on ISPH_CQ
can be referred to [41,42].

The dam breaking cases are simulated within a water tank with a horizontal length L, containing a rectangular water column of
width [ and height h, as illustrated in Fig. 3(a). For the violent sloshing wave scenarios, the setup is depicted in Fig. 3(b), where L
represents the total length of the tank, D is the tank height, and d indicates the mean water depth. The tank undergoes periodic sway
motion described by X; = a sin(wt), where a and w are the amplitude and frequency of the motion, respectively.

The parameters used to generate the training dataset are selected randomly. For the dam breaking cases, the height h and width [ of
the water column are chosen from the ranges h/L = 0.2 to 0.5 and I/L = 0.2 to 0.5, with L fixed at 2.0 m. The ISPH_CQ simulations use
an initial particle size of 0.01 m and a time step of 0.001 s. A total of 60 dam breaking cases are generated, with each case consisting of
100 frames captured at 0.006 s intervals, covering the entire process from the initial state to the impact of the dam breaking flow on the
right wall of the tank. For the violent sloshing cases, parameters are set as d = 0.2L , D = 0.5L , and L = 0.6 m. The amplitude a is
randomly selected between 0.05L and 0.1L , while the sloshing periods T are assigned values of 1.4, 1.5, and 1.6 s. An initial particle
size of 0.01 m and a time step of 0.001 s are also used to generate the training data. In total, 60 sloshing cases are simulated, with each
case containing 100 frames captured at 0.1 s intervals. The training dataset is composed of 30 dam breaking cases and 30 violent
sloshing cases, randomly selected from the total simulations. The remaining cases, not included in the training dataset, are utilized as
the test set.

2.3.3. Training and implementing the GNN
Using the provided training and testing datasets, the GNN is trained by minimizing the loss function, defined in this study as the
sum of squared errors between the predicted and actual pressure values.

N
fovj = Zsi (Pai *Pd.i)z 24

where pg; and pg; represent the predicted and actual pressures at particle i, respectively. The weight s; is introduced to account for
boundary effects. This weighting term s; is defined as follows:

3d, <3.0-dx
_J230-dx<d, <6.0-dx
5= 1dy > 6.0-dx (25)

0 free surface

During the training and application of the GNN model, two types of boundary conditions: i.e. free-surface and solid boundaries
need to be handled. For the free-surface condition, the discrepancy between predicted and actual pressures at the free surface is not
considered during training. Instead, the GNN model ensures that the pressure at all free-surface particles is zero, in accordance with the
free-surface condition described by Eq. (5). In practice, only interior fluid particles are considered during both training and testing
stages, while boundary particles are excluded according to the physic boundary conditions given in Eq. (4). The pressure p;, at
boundary particles is calculated directly from neighbouring fluid particles, following the method outlined in [43].

N . N
_ Zfeﬂuidpf Wiy + (g —U) - Zfeﬂuidpf (rf - 1'b)be

(26)
E)I‘\Ieﬂuid be

Dy

where pyis the pressure of the fluid particle, pris the fluid density, Wjyis the kernel weight function, and N is the total number of fluid
particles in the vicinity of the boundary particle. The position vectors of the fluid and boundary particles are represented by r¢ and 1y,
respectively.

Once the model is trained, it is integrated into the numerical framework of the ISPH_GNN, as illustrated in Fig. 2.

2.4. ISPH_ GNN with transfer learning

2.4.1. Transfer learning

Transfer learning is a machine learning technique where a model developed for source tasks is reused as the starting point for a
model on related target tasks. Instead of training a model from scratch on the target tasks, transfer learning leverages the knowledge
gained from the pre-trained model on source tasks, demonstrated in other fields [32-35]. Mathematically, we can outline the concept
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Fig. 4. Illustration of ISPH_ GNN with transfer learning.

of transfer learning as follows:
Let a source task be defined by:

T, = {qsros’fs( . )} (273)

where q; is the input feature, as discussed in Section 2.3, oy is the output feature (the pressure in this work) and f;: q;— o5 is the
predictive function learned from the source data and it also represents the pre-trained GNN model foyy discussed in above section.
The corresponding target task can be defined by:

T. = {qn otvft( . )} (27b)

where q; is the input feature, o, is the output feature and f: q;—o; is the predictive function for the target task.
The objective of transfer learning is to learn the target predictive function f; for the target task T; by leveraging knowledge from the
source task T;. This can be written as:

fl(qt) = TranSfer(ﬂv qt)7 (28)

where Transfer is a mechanism, e.g., fine-tuning, that incorporates information from the source function f; to improve the prediction
accuracy on the target task T

2.4.2. Implementing transfer learning in ISPH. GNN

A common transfer learning mechanism is fine-tuning, where the target model f; can be initialized with the parameters of the pre-
trained source model f; and then update the model parameters using a small target dataset [32-35]. In this paper, the fine-tuning
strategy is employed for transfer learning in combination with the ISPH_GNN. In the context of GNNs, a common transfer learning
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Fig. 5. Illustration of an oscillating droplet under a central force.
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Fig. 6. The particle distributions and pressure contour from ISPH_GNN for the oscillating droplet at two different instants.

strategy involves keeping the network architecture unchanged while fine-tuning the weight parameters with a smaller learning rate.
This approach takes the advantage of the knowledge learned by the pre-trained GNN model, which has already captured general
patterns in the graph data, and adapts it to a new related task.

In this paper, the network architecture with employing transfer learning, which includes the encoding, message-passing, and
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Fig. 9. Time histories of total energy (TE) in the case of oscillating droplet.

decoding layers, remains consistent with the architecture of the pre-trained GNN model. This is based on the rationale that these layers
have already learned general features that can be transferred across tasks. Transfer learning in neural networks is implemented by
reusing the weights from the pre-trained GNN model as a starting point and fine-tuning them with a small amount of target data. The
primary goal of this fine-tuning process is to adjust the GNN model’s weights to improve its performance on the new task, while
preserving the knowledge gained from pre-training. To achieve this, a smaller learning rate is used, which prevents drastic changes to
the pre-trained weights while still allowing the model to adapt to the new task. In the fine-tuning process described in this paper, an
initial learning rate of 107° is used for the encoding and message-passing modules, while an initial learning rate of 10~ is applied to
the decoding module of the GNN. The flowchart for performing transfer learning based on the pre-trained GNN model is shown in
Fig. 4. The function feyn rr, Wwhich maps inputs to outputs in the fine-tuned GNN model utilizing transfer learning, can be expressed as:
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Fig. 10. Schematic wave tank for solitary wave impact on a slope.
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Fig. 11. Comparisons of wave uprush and backwash between laboratory wave photograph (left) and ISPH_GNN particle snapshots (right) at
different time instants.
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Dacrac = fonn_rr (‘P-, u’, pay, C{f)

(29)

where c{f represents the fine-tuning network coefficients, which are adjusted based on the pre-trained network’s weights c, in Eq. (22).

This is noted that we attempt only to explore the potential of transfer learning technique in improving the robustness of modelling
WSI problems. For this purpose, the transfer leaning technique will be tested on some cases, and the corresponding results are
compared with those without it to demonstrate its potential in the sections below.

12



N. Zhang et al.

Journal of Computational Physics 540 (2025) 114277

1.5

" EXP (@ ==
BEM ) )E’dfﬂﬂl
=o=ISPH "
| ISPH_GNN j/f. )
S 7
=S P
Ny e
\;I>x /J/{E
0.5 /E
/j
/
121/,
0 T T
0.0 0.5 t(g/D)z/z 1.0 1.5
3 = EXP (b) »
BEM P
2.5 === [SPH pa-ﬁ‘b‘”‘
5] ISPH_ GNN wé,aﬂ’“
g - P
1.5 . 4
A5 ’f’m&j
14 .
P
0.51 &
f"f
0 T T T
0.0 0.5 Lo 1.5 2.0
t(g/D)

Fig. 14. Comparisons of time histories of the penetration depths: (a) the half buoyant cylinder; and (b) the neutrally buoyant cylinder.
3. Numerical investigations using ISPH_GNN

In this part, the performance of the ISPH_GNN, using the GNN model trained on data from dam breaking and sloshing cases, is
examined by using two types of cases: (1) these with quite different configurations from training cases (dam breaking and sloshing),
such as oscillating drop and solitary wave impact on a slope; (2) these involving a structure in water/wave field such as water entry of a
circular cylinder, wave impact on a structure with complex geometries and wave-OWSC interactions. For comparison, results from the
conventional ISPH method [23] are also presented.

3.1. Oscillating drop under a central force

In this section, the oscillating droplet subjected to a central force field is considered to show the precision, convergence behaviour,
and energy conservation properties of ISPH_GNN. This configuration, very different from training cases, involves a non-viscous and
incompressible fluid evolving under a conservative force field characterized by — Q2r, where Q? = 1.44 N/m is used in this study. As
depicted in Fig. 5, initial conditions feature a perfectly circular droplet of radius R = 0.5 m, with particle position vectors r (x, y)
defined relative to the droplet’s centre in Cartesian coordinates. Initial particle velocity field is prescribed as (ox, —oy) with 6 = 0.4 5.
This configuration requires only free-surface boundary treatment. Its exact theoretical solution [44] will be used for quantitative error
assessment. For analytical convenience, length scales are nondimensionalized by R and time by the characteristic scale 7 = t,/g/R in
this subsection unless explicitly stated otherwise.

Fig. 6 shows the particle configurations and pressure distribution contours of the oscillating droplet at two different instants with
the initial particle spacing of 0.01. Depicted in Fig. 7 are the temporal evolutions of the oscillating drop’s semi-major axis ae obtained
using ISPH and ISPH_GNN methods. For reference, the analytical solution from [44] is also included to facilitate direct comparison.
Notably, the numerical results from ISPH_ GNN demonstrate close agreement with the theoretical prediction, maintaining both the
amplitude and phase characteristics over time, although there is a slight underestimation of the peak value of ae and some phase shifts.

To quantitatively assess the accuracy and convergence of ISPH_GNN, Fig. 8 shows the numerical errors in the cases with different
initial particle spacing, ranging from 0.04 to 0.01, in which the averaged errors Err, (L-2 norm) between the simulated semi-major axis

13



N. Zhang et al. Journal of Computational Physics 540 (2025) 114277

P(kPa): 0 08162432 4 48566472 8

(a) t=1.028

(b) 1=1.878

Fig. 15. Comparisons of the free surface penetration of the neutrally buoyant cylinder between experimental photos [47] (left) and ISPH_.GNN
simulations (right) at different instants.
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Lin [49].

ae and the analytical solution are computed as

N (aein — aeig)’
ETTa _ 2171 ( S ) (30)

N
V2 ae?,

where ae; , denotes the semi-major axis value from the theoretical solution at the i th time step, and ae; , represents the corresponding
numerical result. Here, N signifies the total number of time steps employed for error assessment. For convenience, the dash lines
representing the first-order (k = 1) convergence rate is included in the figure. As seen in Fig. 8, the error profile of ISPH_GNN exhibits a
linear reduction trend with decreasing particle size, demonstrating a linear convergence behaviour consistent with the conventional
ISPH method. It is also seen from Fig. 8 that the ISPH_GNN exhibits smaller errors than the conventional ISPH method at smaller
particle spacing.

Energy conservation performance is further evaluated and plotted in Fig. 9, which depicts temporal variations of total energy (TE)
relative to the theoretical baseline TEo. The error from the theoretical value does not exceed 1 %. Similar to Fig. 8, the error in terms of
energy of ISPH_GNN is also slightly smaller compared to the conventional ISPH methods. Notably, the total energy profiles exhibit
oscillatory behaviour rather than monotonic decay, consistent with previous studies (e.g., [41]). These fluctuations are attributed to
the particle shifting algorithm, which inherently introduces energy perturbations [45].

3.2. Solitary wave impact on a slope

This section employs the ISPH_ GNN method to model the impact of a solitary wave on a 150° angled slope, also very different
configuration from the training cases. The computational domain replicates the experimental setup of Zheng et al. [46], enabling a
direct and meaningful comparison between numerical simulations and experimental results. Fig. 10 illustrates the case with a solitary
wave having its amplitude of h = 0.6d and in a tank with a water depth of d = 0.25 m. The computational setup specifies a horizontal
domain length of L = 40d An initial particle spacing of 0.01 m is employed, resulting in approximately 25,000 particles. For measuring
the pressure, four pressure sensors (P1-P4) are positioned as illustrated.

Fig. 11 depicts solitary wave uprush and backwash on the slope at sequential instants, simulated using the ISPH_GNN method. At 7

=40.42 (t = t\/g), Fig. 11(a) reveals the wave front attains its maximum run up elevation, marking the transition to flow recession.
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Fig. 18. Comparisons of the wave impact and overtopping on the trapezoidal seawall: experimental images (Hsiao and Lin [49], left) and ISPH_ GNN

simulations (right) at different time instants.
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Fig. 19. A comparison of wave impact pressures between different ISPH results and experimental data.

Fig. 11(b) illustrates a vigorous backflow developing near the initial shoreline, a phenomenon that correlates with the sudden pressure
drop observed in subsequent analyses (see Fig. 12). Overall, the numerical simulation results exhibit correct correlation with exper-
imental observations.

To quantify the accuracy of ISPH_GNN, Fig. 12(a)-(d) present the gauge pressure at four monitoring locations (P;-P4) between
experimental measurements and different ISPH methods. Despite some discrepancies, reasonable agreement has been found. Analo-
gous to experimental trends, the impact pressure at submerged sensors P; and P, exhibit similar temporal evolution patterns. When the
wave reaches its maximum run-up height, the impact pressure reaches the largest peak. Subsequently, as the wave recedes, the
pressure gradually transitions to the relative negative values until it hits the minimum pressure point. This is understandable from the
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basic fluid dynamics. As illustrated in Fig. 12(c) and (d), the calculated pressures at sensor points P3 and P4 escalate sharply upon
solitary wave impact, achieving maximum values before returning to ambient levels without significant oscillating into negative
pressure zones.

Given the critical role of peak pressure in marine structure design, we carry out a quantitative error assessment for peak pressure
from different ISPH methods. Taking the experimental peak pressure as reference, the relative errors are about 1.1 % for ISPH_ GNN
and 0.3 % for ISPH in Fig. 12(a), 3.1 % for ISPH_GNN and 5.6 % for ISPH in Fig. 12(b), 3.3 % for ISPH_GNN, and 4.2 % for ISPH in
Fig. 12(c), and 6.3 % for ISPH_GNN and 6.8 % for ISPH in Fig. 12(d). Although the specific values of the errors compared to the
experimental data are varying, they are all acceptable from engineering point of view. However, it should be indicated that the
agreement between numerical and experimental results during the process of wave receding is not that good, though both the nu-
merical ones are not too far from the experimental ones.

3.3. Water entry of a circular cylinder

Next we start to discuss the cases with very different configurations from the train cases. They have a structure in water/wave fields
while there is no structure in the training cases. In this sub-section, the ISPH_GNN is first applied for simulating the 2D cylinder water
entry problem. This problem has been experimentally studied in [47] and numerically modelled in [48]. For this case, a cylinder with a
diameter of D = 0.11 m is released from a height of h = 4.45D (measured from the cylinder’s centre to the water surface), as show in
Fig. 13. Therefore, the initial entry velocity when the cylinder reaches the water surface can be estimated as,/2gh = 2.955 m /s, where
g = 9.81 m/s% Two cylinders of identical dimensions but with different mass are evaluated: one is half buoyant and the other is
neutrally buoyant, as detailed in [47,48].

In this case, the fluid domain has a length of L = 18.2D and a depth of d = 8.2D, with the initial particle spacing dx set at 0.01 m,
meaning h/dx = 60. Fig. 14 compares the penetration depth time histories for the half and neutrally buoyant cases. The comparison
includes results from different ISPH methods, BEM solutions [48] and experimental data [47]. It can be observed that the penetration
depths obtained from the ISPH_GNN method are similar to those from ISPH, BEM simulations, and experimental data, though there are
some visible difference from experimental data. Using the ISPH result from Fig. 14 as a reference, the penetration depth error for
ISPH_GNN is approximately 1.2 % in Fig. 14(a). In Fig. 14(b), the error is around 2.0 %. This error is determined using the following
formula:

N 2
Err, — Ei:l(’?i.n ’7i.f) 31

\/ Eilrli,fZ

where 7; , represents the penetration depth at the i th time step obtained from the ISPH_GNN, while r; ; refers to the corresponding ISPH

result. N is the total number of time steps ranging from 7 =0.0 to 2 (z = t\/%).

In Fig. 15, snapshots from the experimental images and ISPH_GNN simulations are compared for the neutrally buoyant case at two
time instants, specifically 7 =1.028 and 7 =1.878. The free-surface profile evolution and the water jet formation generated by
ISPH_GNN clearly resemble the BEM results [48] and experimental images [47]. The ISPH_ GNN method also presents reasonable
well-structured pressure field.

3.4. Solitary wave impact on a trapezoidal seawall
Another scenario analysed is the impact of a solitary wave on a trapezoidal seawall, which was experimentally studied by Hsiao and
Lin [49]. This case is different from that in Section 3.2, mainly with the seawall appearing here. The relevant parameters are illustrated

in Fig. 16 in which the wave gauge "G" and pressure probe "P" are also depicted. To be consistent with [49], the solitary wave height h =
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Fig. 21. Comparison of OWSC motions between experimental images [51] (left) and ISPH_GNN results (right) at various time instants.

0.35d, L = 35d and the water depth d is 0.2 m. In evaluating the numerical results, relative time ¢ = t — &y is used, where tyr marks the
point when the wave run-up reaches its peak at the wall first time. The numerical simulations capture 10 s of wave propagation and its
interaction with the seawall. The solitary wave is generated by the wavemaker using the approach in Ma and Zhou [50]. In these
simulations, the initial particle spacing is set to 0.01 m.

Fig. 17 presents a comparison of the wave profile time histories between the numerical results and the experimental data [49]
recorded at G; and G». As seen, both the numerical methods produce reasonably accurate results. According to the experimental data in
Fig. 17, the wave profile errors at G; are approximately 16.6 % for ISPH_GNN and 20.1 % for ISPH, as shown in Fig. 17(a). For the wave
profile recorded at G, the errors are around 13.2 % for ISPH_GNN and 18.7 % for ISPH, as illustrated in Fig. 17(b). The error
calculation follows the same method as in Eq. (31) but #; , and 5;; are substituted by the wave elevations ati th time step obtained from
the numerical and the experimental results for this case. However, it is worth noting that the experimental data were extracted from
the publication, which may limit their precision as a reference when assessing quantitative error.
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Fig. 22. Comparison of the time histories of OWSC motions: (a) rotation angle and (b) angular velocity of the flap.

Fig. 18 illustrates particle distributions and corresponding pressure field contours at three instants, 7 = 22.05, 23.1, and 25.2 (r =
t \/g), capturing the wave impact and overtopping process of the trapezoidal structure. As shown in the experimental images, when the

wave overtops the trapezoidal seawall, an overtopping tongue forms at the crown and then falls onto the slope behind it. It is evident
that the ISPH_GNN method satisfactorily simulates these physical phenomena similar to that in experimental photos and demonstrates
a smooth and well-aligned pressure field.

Additionally, Fig. 19 presents a comparison of impact pressures calculated using various ISPH schemes, as measured by pressure
sensor P; located at coordinate (10.83, 0.249) on the trapezoidal seawall. The results indicate that all ISPH schemes exhibit similar
overall trends in impact pressure, closely aligning with the experimental data. However, some differences are observed, which can be
attributed to the complexity of the physical problem.

3.5. Regular wave interaction with an oscillating wave surge converter

In this section, the ISPH_GNN is utilized to examine the regular wave interaction with an oscillating wave surge converter (OWSC),
which has very different configuration from the training cases, in particular with a moving structures in waves. This was experi-
mentally studied by Henry [51] and Wei et al. [52]. A schematic of the domain is shown in Fig. 20, in which the water depth is d =
0.305 m. The OWSC model used in the experiment is a 1:40 scale version with simplified geometry, as illustrated in Fig. 20. It consists
of an OWSC measuring 1.02d in height and 0.0875 m in thickness, with a semi-circular tube underneath. The OWSC pivots freely
around a tubular axle, acting as a hinge. The hinge is positioned 0.44d m above the flume floor. The OWSC weighs 4.27 kg, with a pitch
rotational inertia of 0.1147 kg-m? around the hinge, and its centre of mass is located 0.43d above the hinge.

Fig. 21 presents a sequence of snapshots comparing the motion of OWSC from the ISPH_GNN simulations, using an initial particle
spacing of dx = 0.008 m (i.e., d/dx = 38), with experimental images at various time instants. In this case, the wave height is H = 0.328d
and the wave period is T = 1.9 s, corresponding to the case with the strongest impact. In Fig. 21(a), the OWSC is rotated maximally
clockwise, with zero angular velocity. Some water flows over its top edge. After it reaches the maximum clockwise position as shown in
Fig. 21(a), it starts to rotate counterclockwise. The fluid particles in its upper left corner are pushed counterclockwise, and begin to fall
back counterclockwise. When it returns to its vertical position at ty + 3T/10 as shown in Fig. 21(b), the fluid particles close to it exhibit
a state of falling down along its surface. Then, it continues to rotate counterclockwise and arrives near the maximum rotation
counterclockwise as shown in Fig. 21(c). It is evident that the ISPH_GNN results largely matching those seen in experimental images.

It should be noted, however, that there are discrepancies between free surfaces near the structure in the ISPH_GNN simulation
results and those in the experimental images, in particular in Fig. 21(c). There may be different reasons. For example, in the exper-
iments, there may be some mechanical viscosity between rotating and fixed parts, which cannot be modelled in numerical simulation
as lack of relevant information. In addition, although the experiment was considered as a two-dimensional test, narrow gaps existed
between both sides of the structure and the walls of the wave flume, leading to a small amount of water flow though these gaps. This is
again not consistent with the two-dimensional numerical simulations. Furthermore, we are not sure how ty = 0 in experimental image
corresponds to the physical time. We just assume the time is when the convertor reaches to the angle in Fig.21(a) in the first time, not
other wave cycles. Apart from these, the bottom configuration cannot be modelled due to lack of the information in our hand. Of
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Fig. 23. Comparison of particle distributions and pressure contours at t= 1.576 (left column) and t = 1.75 (right column) obtained using different
ISPH_GNN models for the case of dam breaking over a semicircle with h = 0.4L , 1 = 0.4L and L = 2.0 m.

course, numerical error may also contribute to discrepancies, which indicate the more investigations are needed.

Fig. 22 compares the time histories of the rotational angle and the angular velocity of the OWSC from ISPH_GNN simulations and
experimental data [51]. Overall, the numerical results including the amplitude of the rotation angle and angular velocity show quite
good agreement with the experimental data, despite some visible differences. The rotation angle differences from the experimental
data are approximately 14.3 % for ISPH_GNN and 16.7 % for ISPH for the results in Fig. 22(a), which are estimated in the same way as
Eq. (31) with the variables changed to either rotation rotational angle and the angular velocity. Meanwhile, the angular velocity
differences are around 17.8 % for ISPH_GNN and 19.3 % for ISPH for the results in Fig. 22(b). It should be mentioned that the dif-
ference in the peaks of numerical results from those of experimental much smaller, generally not >10 %.

Overall, the above investigations show that the ISPH_GNN with a single GNN model trained on the data from some dam breaking
and sloshing scenarios can be applied to simulate a range of cases with different configurations from the training cases, including the
violent WSI problems, and yield satisfactory results. While more extensive studies are required, these findings suggest promising
potential of ISPH_GNN for broad applications in marine engineering. This potential stems from the fact that the data for training the
GNN are generated from relatively simple cases like dam breaking and sloshing scenarios, not from the cases with similar configu-
rations to the targeting cases for which generating data can be very time consuming.
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Fig. 24. Comparison of particle distributions and pressure contours at t= 1.486 (left column) and £ = 1.65 (right column) obtained from different
ISPH_GNN models for the case of dam breaking over a semicircle with h = 0.45L , I = 0.35L and L = 2.0 m.

4. Demonstration of the performance of ISPH_GNN with transfer learning

To investigate the performance of the ISPH_ GNN model with transfer learning, it is applied to studying some cases in this section.
For this purpose, the pre-trained GNN model trained using the cases of dam breaking and sloshing will be fine-tuned through transfer
learning using the data for dam breaking over a semicircle structure with a diameter of 0.1L . To generate both the training and testing
datasets, the lengths and heights of the water column are randomly selected from the range of h/L = 0.2~0.5 and I/L = 0.2~0.5, while
the distance from the centre of semicircle to the left wall is fixed at L = 2.0 m. Total 15 cases are simulated. The GNN is fine-tuned using
the procedure given in Fig. 4 with 10 cases for training and 5 cases for testing.

The fine-tuned GNN model is then tested on two cases with dimensions h/L = 0.4, /L = 0.4 and L = 2.0 m, as well as h/L = 0.45L , I/
L =0.35 and L = 2.0 m, neither of which coincide with any cases during the fine-tuning process. For comparison, Figs. 23 and 24
present the spatial pressure distributions generated by three models: ISPH_GNN, ISPH_GNN_FT (ISPH_GNN with the fine-tuned model),
and ISPH_GNN_TS (ISPH_GNN with the model re-trained from scratch using the same small training dataset). The results are shown at
two key moments, corresponding to instances of strong wave impacts on the semicircular structure.

As can be seen from Fig. 23 and Fig. 24, the numerical results from ISPH_GNN_TS exhibit obvious unreasonable pressure distri-
bution in front of the semicircle in both cases. In contrast, the pressure distribution from ISPH_ GNN_FT is much smoother and closely
matches the results from the ISPH method. Fig. 25 compares the horizontal impact force exerted on the semicircle by fluid from the
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Fig. 25. Comparison of the horizontal impact force exerted on the semicircle obtained from different ISPH models: (a) h = 0.4L ,l=0.4L and L =
2.0m, (b) h=0.45L,1=0.35L and L = 2.0 m.

different models. Using the ISPH results from Fig. 25 as a reference, the horizontal impact force errors in Fig. 25(a) are approximately
10.9 % for ISPH_GNN, 8.5 % for ISPH_GNN_FT, and 28.6 % for ISPH_GNN_TS. Similarly, in Fig. 25(b), the horizontal impact force
errors are around 11.5 % for ISPH_GNN, 8.8 % for ISPH_GNN_FT, and 20.7 % for ISPH_GNN_TS.

The above comparisons demonstrate that the ISPH_GNN model with the fine-tuned GNN performs much better than ISPH_GNN with
the model re-trained using small amount of data from scratch, and also slightly improve the results the pre-trained ISPH_GNN. This
suggests that applying transfer learning by fine-tuning the pre-trained GNN model with a small amount of data in the ISPH_GNN
approach can be useful for new targeted WSI tasks at least for cases considered here.

To further investigate the performance of the fine-tuned GNN model, the ISPH_GNN_FT, the same as that used for Fig. 24-25, was
also applied to study the previously discussed cases: the water entry of a circular cylinder (Section 3.3), the solitary wave impact on a
trapezoidal seawall (Section 3.4), and the regular wave interaction with an OSWC (Section 3.5). The setups are kept the same as in
previous sections. Fig. 26(a) presents a comparison of the numerical results for the water entry of a neutrally buoyant circular cylinder.
Relative to the ISPH results in Fig. 26(a), the errors in penetration depth are approximately 2.0 % for ISPH_GNN and 1.8 % for
ISPH_GNN_FT. Additionally, Fig. 26(b) shows that the particle distribution beneath the cylinder from the ISPH_GNN and ISPH_GNN_FT
results. It is evident that the ISPH_ GNN_FT model produces a bit more uniform particle distribution beneath the cylinder compared to
the ISPH_GNN mode.

Fig. 27 gives a comparison of the wave profiles recorded at G; for the solitary wave impact on the trapezoidal seawall. Based on the
experimental data in Fig. 27, the wave profile errors are about 16.6 % for ISPH_GNN and 15.9 % for ISPH_GNN_FT. The later is slightly
less than the former.

Fig. 28 compares the OSWC rotational and angular velocity, using an initial particle spacing of d/dx = 38, same as that in Section
3.5. Based on experimental data and estimated using Eq. (26) with the corresponding variables here, the rotational angle errors are
about 14.3 % for ISPH_GNN and 14.5 % for ISPH_GNN_FT, as shown in Fig. 28(a). The angular velocity errors are approximately 17.8 %
for ISPH_GNN and 17.7 % for ISPH_GNN_FT, as depicted in Fig. 28(b). Additionally, Fig. 29 provides a comparison of the OWSC
rotational and angular velocity between ISPH_GNN and ISPH_GNN_FT using a finer particle spacing of d/dx = 19, in which the
agreements between results are largely similar to that in the above figure. Fig. 30 presents the error trends for rotational angle and
angular velocity for both ISPH_GNN and ISPH_GNN_FT across a range of particle spacings, from d/dx = 38 to d/dx = 15, as part of a
convergence study for the case. It is evident from Fig. 30 that ISPH_GNN_FT exhibits a convergence rate similar to ISPH_GNN, but it
achieves slightly higher accuracy at coarser particle resolutions before reaching the finest particle spacing.

The above results suggest that ISPH_GNN utilizing a fine-tuned GNN model developed through transfer learning achieves a bit
better results but not very significant in the cases studied here. However, it significantly overperforms the model what is trained using a
small amount of data. This just highlights that integrating transfer learning with ISPH_GNN can be a way to improve the overall
prediction accuracy of ISPH_GNN for violent WSI problems, and also a way to avoid the requirement of large amount of time-
consuming data generation for new tasks. However, more extensive studies are need about the performance of transfer learning
and how to use it.
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Fig. 26. The comparison of numerical results for the water entry of a neutrally buoyant cylinder.

5. Computational efficiency

The computational efficiency is also a crucial factor in evaluating the performance of the ISPH_GNN and ISPH_GNN_FT models for
simulating violent WSIs. To assess computational efficiency, the speedup ratio, i.e., the averaged time per step required to solve the
PPE in the conventional ISPH to the time per step taken by the GNN model for pressure prediction, is evaluated. The analysis uses the
case for regular wave interactions with an OSWC under the same wave conditions in Section 3.5 but with different setups as detailed in
Table 1. Simulations were conducted on a workstation equipped with an Intel Xeon Platinum 8268 CPU (2.9 GHz), 256 GB of RAM, and
an NVIDIA GeForce RTX 3090 GPU with 24 GB of RAM.

The speedup ratio is presented in Fig. 31. The results clearly demonstrate that the GNN model significantly accelerates pressure
prediction compared with the conventional ISPH method. As the number of particles increases, the speedup ratio grows substantially.
For example, with 1.4 million particles, the ISPH_GNN achieves a speedup of approximately 136 times over the conventional ISPH for
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Fig. 28. Comparison of the time histories of flap motions between numerical results and experimental data [51]: (a) rotation angle, (b) flap

angular velocity.

the pressure prediction. The speedup achieved in this study is significantly higher than that reported in our previous work [31], where
the application of GNN to wave-floater cases resulted in a speedup of 97 times for 1.3 million particles.

This highlights the exceptional efficiency of the ISPH_GNN approach, particularly for large-scale violent WSIs simulations involving
a large number of particles. It is also worth noting that the speedup ratio for pressure prediction in both the ISPH_ GNN and
ISPH_GNN_FT models is essentially identical, as shown in Fig. 31.

6. Conclusion

This paper studies on utilizing a hybrid ISPH_GNN (a kind of hybrid PE-ML method) to simulate violent wave-structure interactions,
particularly on training the GNN using data for simple cases and then applying it to more complex WSI problems. Specifically, the GNN
integrated with ISPH is trained by using data from sloshing and dam-breaking cases without any structure in wave fields, and then is
employed to simulate challenging violent WSIs cases, such as water entry of an object, wave impact on the trapezoidal seawall and
wave interaction with OWSC. In most cases, the numerical results have been validated by comparison with experimental data, showing
that ISPH_GNN can generate results with satisfactory accuracy. One of the significances of this paper is demonstrating that the
ISPH_GNN with the GNN trained solely on wave-only cases (i.e., no any structure inside the wave field) can effectively simulate more
complex violent WSIs problems. This means that the data for training the GNN model can be generated on simple cases which may be
only a fraction of computational times required for modelling the targeted WSI cases.

Another significance of this paper is to investigate the performance of the ISPH_GNN when integrated with transfer learning. The
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Table 1
Configurations for the regular wave interaction with an OSWC cases.
Case D (m) L (m) dx (m) N
1 0.305 18 0.008 85,000
2 0.305 40 0.008 189,500
3 0.305 100 0.008 474,500
4 0.6 100 0.008 936,500
5 0.6 150 0.008 1405,000
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Fig. 31. Speedup ratio of the computational time required for pressure prediction per step in the regular wave interaction with an OSWC cases.

results show that the GNN model, fine-tuned through transfer learning with a very small dataset, can achieve a bit better prediction
accuracy than the GNN model without the transfer learning in most cases. In addition, the fine-tuned model significantly overperforms
the model what is trained using a small amount of data from scratch. This illustrates that integrating transfer learning with ISPH_ GNN
can be a way to improve the overall prediction accuracy of ISPH_GNN for violent WSI problems, and also a way to avoid the
requirement of large amount of time-consuming data generation for new tasks. This paper just sheds some light of this potential. More
extensive studies are need about the performance of transfer learning and how to use it.

Additionally, it is demonstrated that the ISPH_ GNN method substantially reduces the computational time required for pressure
prediction, achieving a speedup ratio of up to 136 times compared to the conventional ISPH, while maintaining comparable accuracy
across the examined cases. This speedup performance achieved in this study for simulating violent WSI cases is considerably higher
than that reported in our previous work, where the ISPH_GNN was applied to simulate wave-floater interactions. This indicates that the
speedup ratio is case-dependent but the computational efficiency of the ISPH_GNN is very high compared with the conventional ISPH
in all the cases we studied so far.

These findings underscore the significant potential of ISPH GNN for widespread applications in marine engineering. However, the
conclusions drawn in this study are based only on the cases analysed in this paper. Although the findings are promising, further
validation and investigations with a wider range of scenarios is necessary. In the present study, only single-phase modelling have been
considered, meaning air entrainment/entrapment effects were unaccounted for. Apart from these, structural materials and responses
(e.g., hydroelasticity) are not considered either. Moreover, this research focuses solely on two-dimensional violent WSIs, which is
different from three-dimensional violent WSI in real scenarios. These limitations will be addressed in our future studies.

CRediT authorship contribution statement

Ningbo Zhang: Writing - original draft, Validation, Software, Methodology, Investigation, Formal analysis, Data curation,
Conceptualization. Shigiang Yan: Writing — review & editing, Supervision, Project administration, Methodology, Funding acquisition,
Conceptualization. Qingwei Ma: Writing — review & editing, Supervision, Project administration, Methodology, Funding acquisition,
Conceptualization.

Declaration of competing interest

The authors declare that they have no known competing financial interests or personal relationships that could have appeared to
influence the work reported in this paper.

26



N. Zhang et al. Journal of Computational Physics 540 (2025) 114277

Acknowledgements
The authors gratefully acknowledge the financial support of EPSRC projects (EP/V040235, EP/T026782 and EP/T00424X).
Appendix. Formulas of QSFDI

The detailed description and derivation of the QSFDI can be found in our previous work, only the final formulas are given here,

Zqﬂ (P;—P) (A1)

V2p; = ITZCI)S (P, —P) (A2)

For convenience, Eq. (A1) and Eq. (A2) are written in a summation form. In the above procedure, =1 1 1 ]T and

L (W W) 2oy Tar 1 WD) 0 = Wa .
(I)}gi —M1ql.1'< (gzﬂ)qji - Z & : qu(l‘;ac) MZcz ﬂ ( 9 — ZT kIHEiMzsl,irji (A3)
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k=1 ki
Definitions of matrices in Eq. (A3) and (A4) are as follows
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= Y

In ISPH_CQ, Eq. (A2) is used to discretise the Laplacian in Eq. (9), Eq. (A1) is applied to implementing the pressure boundary
condition (Eq. (4)) and to calculating the pressure gradient in Eq. (10). In addition, Eqs. (A1) and (A2) are also extended to finding the
velocity divergence and the viscous term, respectively,

N
V~ui:Z(I)§gi~(ujfui) (A6)

=1
(viVu,) = Z v, ® j— ;) (A7)
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