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Editorial

Coastal Engineering and Fluid–Structure Interactions

Miaohua Mao 1,2,* and Junliang Gao 3
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Zhenjiang 212100, China
* Correspondence: mhmao@yic.ac.cn

1. Introduction

Fluid–structure interaction (FSI) in coastal engineering is a core topic in the interdis-
ciplinary fields of harbor, coastal, offshore, and structural engineering. It involves the
dynamic effects of fluid loads, including waves, ocean currents, and winds on structures
(e.g., harbors, breakwaters, cross-sea bridges, offshore wind turbine foundations, and
subsea pipelines) and their responses and counteractions. Recently, significant progress
has been made in theoretical and modeling techniques, experimental and monitoring
technologies, and engineering applications.

Advancements in theory and model developments include the following: (1) tradi-
tional linear potential flow theories (e.g., the Morrison equation, diffraction and radiation
theories), which remain widely used but have evolved into higher-order boundary ele-
ment methods and fully nonlinear models (e.g., higher-order spectral methods), enabling
more accurate simulations of wave breaking, overtopping, and highly nonlinear waves [1].
(2) Computational Fluid Dynamics (CFD) methods (e.g., VOF, SPH, LES) have gradually
matured, enabling the processes of complex turbulence, vortex-induced vibrations, and
coupled interactions between waves, structures, and sea beds (e.g., fluid–structure-soil
coupling and gas–liquid–solid three-phase coupling) [2]. (3) High-fidelity CFD-FSI cou-
pling employs the partitioned coupling method (e.g., MPCCI, Fluent + ABAQUS) or the
immersed boundary method to achieve interactions between transient flow and large
structural deformation [3]. The computational efficiency is significantly enhanced by the
acceleration of GPU using the OpenFOAM integrated solvers with high-resolution [4].
Combining Large Eddy Simulation (LES) with potential flow theory achieve cross-scale
simulations from wave propagation in open waters to the interaction with local structures in
coastal engineering [5]. (4) Under stochastic wave loads, Proper Orthogonal Decomposition
and deep learning (e.g., LSTM, CNN) methods are used in surrogate models to accelerate
long-term dynamic response analysis [6]. Uncertainty quantification and reliability analysis
are introduced for material and geometric uncertainties, structural failure probability, and
fatigue life through Monte Carlo methods and polynomial chaos expansion [7].

Progress in experimental and monitoring technologies include (1) advanced experimen-
tal facilities: Large wave tanks (e.g., multi-directional wave generators), wind–wave-current
interaction basins, and centrifuge model tests can simulate complex environmental loads
and foundation conditions [8]; particle image velocimetry and laser Doppler velocime-
try are employed for precise measurement of flow fields and vortex structures around
structures [9]; and (2) on-site monitoring and digital twins: Long-term health monitoring
of actual engineering structures (e.g., coastal and offshore wind turbines and bridges)
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are conducted based on fiber-optic sensing, the Internet of Things, and satellite remote
sensing. Digital twin technology integrates monitoring data and numerical models to
achieve real-time structural state diagnosis and predictive maintenance [10].

Applications of engineering fields primarily include three scenarios: (1) Offshore
renewable energy structures: Coupled wave–current–wind dynamic analysis of fixed
and floating coastal and offshore wind turbine foundations, particularly the stability of
tension leg platforms and semi-submersible platforms under severe sea conditions. Studies
include flow-structure interactions and energy capture efficiency optimization of tidal and
wave energy devices [11]. (2) Coastal protection and ecological engineering: This includes
research on the wave dissipation mechanisms, hydraulic performance of permeable and
porous media structures (e.g., ecological reefs and vegetated wetlands), with a focus on
disaster prevention and ecological restoration, and assessing the overtopping and breaching
risks of breakwaters and seawalls in response to sea level rise and typhoon storm surges [12].
(3) Sea-crossing transportation infrastructure: This scenario focuses on the wave impact and
local scour protection for deepwater bridge pile foundations, and hydrodynamic stability
during the sinking and splicing of submarine tunnel pipe sections [13].

Studies on the coastal engineering and fluid–structure interactions face multiple as-
pects of challenges for future research. Under extreme environments and climate adaption
(e.g., rouge waves, tsunamis, and tropical cyclones), research on the survivability and
resilience design of structures is important [14]. Research needs to be further developed
for analysis methods for multi-hazard coupling effects (e.g., complex disaster scenarios of
seismic-wave interaction and sea–ice–wave coupling loads). Intelligence and sustainable
development are key to coastal engineering and FSI. Therefore, one future direction could
optimize FSI model parameters with AI and develop adaptive structures with autonomous
control (e.g., intelligent damping) [15]. Another direction is to develop durability assess-
ment methods for green materials (e.g., composites and eco-concrete) in complex fluid
environments involving corrosion and biofouling.

2. Findings Reported in This Special Issue

Coastal engineers have designed and constructed protected structures to cope with
coastal dynamics, including wave behavior, storm surge, sediment transport, erosion,
and sea level changes. Therefore, understanding coastal hydrodynamic environments
and fluid–structure interaction is an important issue in coastal engineering. The research
topics in the field of coastal engineering include broad scopes such as (1) coastal dynamic
environments of winds, waves, currents, sea ice; (2) sediment transport in the changing
morphology of coastal, estuarine, and offshore regions; (3) the technical and functional
design of coastal and harbor structures; (4) fluid–structure interactions, including con-
ventional hard and nature-based soft structures; (5) innovations in research methods and
techniques, including mathematical and numerical modeling, laboratory and field obser-
vations, and experiments. This Special Issue invites papers including, but not limited to,
the abovementioned topics. This Special Issue comprises 13 articles, including 12 research
articles and 1 review article.

Wang et al. (contribution 1) apply the Volume of Fluid (VOF) method in OpenFOAM to
study the impact of a submerged shell dike on dissipating broken waves before a breakwater.
When the broken wave heights decrease and the dike’s radii increase, the peak pressure
decreases. The relationship is established between the broken wave pressures and the
dimensionless parameters as a function of broken wave and breakwater heights and the
dike’s radii. They propose the equations for estimating broken wave pressures on various
points along the breakwater.

https://doi.org/10.3390/w18020206
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Zhao et al. (contribution 2) use OpenFOAM v2206 to discuss model simulations from
four turbulence models and three mesh types. It reveals that the stabilized k − ω shear
stress transfer turbulence model better simulates the complex wave evolution process
on the cube and effectively captures the wave free surface, wave run-up, and reflection
coefficient, and it is selected in the hydrodynamic model with new ecological hollow cubes.

Chen et al. (contribution 3) study the incipient motion and sediment scouring near
submarine cables with five grain sizes. They find that the relative flow velocity, scour
rate, and sediment erosion increase with the increasing Froude number. The modified
formula is reliable in assessing the submarine cable exposure risks, providing insights into
developing effective protection strategies, and enhancing cable stability in complex marine
conditions. Understanding sediment dynamics and submarine cable stability is important
to developing effective protection strategies in the dynamic marine conditions.

Peng and Yin (contribution 4) analyze the distribution and anomalies of total sus-
pended sediment with the satellite-derived residual surface currents. Coastal water masses
show obvious seasonal variations. It varies spatially for the offshore transport pathway,
which extends to the shelf edge restricted by the Taiwan Warm Current, and shifts from
northeastward to eastward for the persistent transport pathway. The Hangzhou Bay’s
pathway is related to the tidal mixing, and the Yangtze River estuary’s path follows Yangtze
River Diluted Water. These crucial observational insights are beneficial to the material
cycling model in the East China Sea shelf.

Qian et al. (contribution 5) use the commercial finite element method to model the
submarine cable’s pullback process with the horizontal directional drilling technology. The
cable’s tension increases with the incident angle and crossing length. During its pullback
operation, the cable could be locked by the extremely large velocity. Further investigations
indicate that the permissible values could be important for similar engineering projects.

Hou et al. (contribution 6) use satellite observations to study the effects of consecutive
typhoons on chlorophyll-a concentrations in the South China Sea. In 2006, after Typhoon
Durian, strong vertical mixing and upwelling rapidly enhanced chlorophyll-a concentra-
tions. These enhancements were significant in the path for Typhoon Utor. The changing
marine environment brought by the first typhoon modulates the effects of successive ty-
phoons on marine ecology, and this provides insights into understanding a typhoon’s
effects on marine productivity.

Ghaderi et al. (contribution 7) use CFD simulations in a rectangular channel to examine
the effects of four distinct converging configurations of guide-banks on the unsteady
flow’s propagation. The flow experiences a depth increase as it encounters the converging
geometries. This forms a hydraulic jump for the resulting waves’ progress upstream. When
floods interact with the topography, the contracting channel results in pronounced initial
water elevation rises and deeper reflected waves. Less time is needed to influence upstream
for the waves generated by the trapezoidal configuration.

The increased water elevation becomes wider with longer configurations in the converg-
ing zone. This work helps understand hydraulic processes during dam failure scenarios.

Fan et al. (contribution 8) use the physical system to investigate the mechanical
properties of soft soils and geotextile pipe and bags. The soil’s compression curve shows
strong nonlinearity and high apparent compressibility from silt. The deviatoric stress in
the soft soil increases when the consolidation pressure rises, indicating a typical behavior
of strain-hardening. Based on the modeling results, the structural horizontal displacement
is substantially impacted by the reclamation construction process. It centers at the toe of
the slope for the significant stress, while the maximum tensile stress occurs in the central
part of the pipe-bag structure. The drainage board’s installation effectively speeds up the
pore pressure dissipation, achieving near-complete consolidation in one year. This work
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lays a theoretical foundation and practical guidance for the assessment of the stability and
safety of the geotextile pipe and bag structures on soft soil foundations.

Zhang et al. (contribution 9) apply a two-dimensional model to analyze the effects
of the submerged dike orientation and height on flow and flux. For the alongshore flow,
the obvious velocity variations occur at 1/5 of the dike length. Flow velocity changes
with the increase in its distance to the submerged dike. The dividing value of 0.7 is the
ratio between the submerged dike height and water depth. The cross-dike flux increases
with the orientation angle. These findings support the establishment of a theoretical basis
supporting future integrated management of coastal zones.

Fang et al. (contribution 10) analyze rainfall characteristics from 1986 to 2017 at
three typical irrigation stations in East China. High utilization is observed during extreme
rainfall events, and larger variability during moderate rainfalls. The Support Vector Re-
gression model is used to predict daily effective precipitation based on rainfall, antecedent
precipitation index, drought days, and extreme rainfall indicators. Results indicate that the
model captures the nonlinear relationship satisfactorily between effective precipitation and
rainfall characteristics. They conclude that the machine learning method can be used as an
alternative tool for the existing estimation models for water-saving crop cultivation and
irrigation scheduling.

Liu et al. (contribution 11) collect the long-term Sentinel-2 Multispectral Instrument
and Sentinel-1 Synthetic Aperture Radar data, constructing a high-resolution time series
of Apparent Inundation Frequency obtained through Unmanned Aerial Vehicle surveys.
Results show that the average inundation probability in the Luanhe Estuary shows a fluc-
tuated, but overall, upward trend from 2016 to 2025. The quantification demonstrates that
microtopography is the major controlling factor influencing fine-scale tidal inundation
variations. This work suggests a reliable framework for the assessment of coastal vulnera-
bility. The high-resolution quantitative data offers scientific support for the strategies of
geomorphological management and disaster mitigation.

Ma and Zhang (contribution 12) apply the Reynolds-averaged Navier–Stokes (RANS)
model to investigate the correlation between the disturbance parameters and wave features.
The k − ε model and immersed boundary method (IBM) are used to resolve the flow
turbulence and fluid–structure interaction (FSI), and the free surface is tracked using the
VOF method. Results indicate that the proposed model captures various wave patterns
satisfactorily. The wave evolution strongly depends on the disturbance duration and its
width. Shorter durations trigger earlier soliton fission, and longer widths accelerate phase
celerity. This work concludes that the disturbance parameters are critical in governing
soliton formation and energy propagation patterns that are vital in disaster forecasting.

Jiang et al. (contribution 13) review sandy beach resilience (e.g., resistance, recovery,
and adaptation). They examine the Deep Learning (DL) method in monitoring and fore-
casting external forcing, which includes typhoon tracks and storm surge peaks. The DL is
applied to forecast beach processes, including medium- and long-term shoreline evolution.
Governance options are expanded by DL methods and multi-scenario generation. From the
perspective of management and decision support, policy adoption and risk communication
are enhanced by interpretable features with uncertainty quantification. The DL method
surpasses traditional models by reducing the observation–model–decision cycle, expanding
analysis for various scenarios, and improving the governance transparency. However, it
remains as a challenge for the cross-domain generalization, robustness in extreme situa-
tions, and the data governance. This work reviews DL as a potential technology to improve
sandy beach resilience while offering a theoretical basis for future studies.

https://doi.org/10.3390/w18020206
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3. Conclusions and Future Directions

The articles collected in the Special Issue “Coastal Engineering and Fluid Structure
Interactions” include keywords of coastal and nearshore engineering, fluid–structure in-
teractions (FSIs), extreme events (e.g., typhoon and seismic loads), numerical model (e.g.,
CFD, VOF, and OpenFOAM) and observations, Deep Learning (DL) method, Immersed
Boundary Method (IBM), nonlinear process, climate change, human activities, submerged
cables, and coastal protection. These keywords are aligned with the theme of this Special
Issue but have some extensions related to coastal engineering and FSI. Studies of coastal
engineering and FSI have evolved from deterministic analysis to stochastic, nonlinear,
and multiscale coupling, with increasingly close integration of numerical simulations,
experimental techniques, and field monitoring. Future trends will focus on extreme climate
adaptability, intelligent operation and maintenance, and interdisciplinary integrated inno-
vation, providing critical support for the safety, economy, and sustainable development of
coastal and marine engineering.
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Abstract

Nonlinear water waves (NWWs) can be generated by the vertical bottom disturbance,
which represents the conceptual processes of the rise of seabed rupture under seismic loads.
To explore the correlation between the disturbance parameters and the wave features, a
Reynolds-averaged Navier–Stokes (RANS) model is applied, with the flow turbulence
and fluid–structure interaction (FSI) being resolved by the k–E model and the immersed
boundary method (IBM), respectively. The free surface is tracked using the volume of fluid
(VOF) method. After validating against the theoretical solutions and experimental results,
the effects of disturbance duration and bulk on the wave features at the source region
(the generation stage) and offshore direction (the propagation stage) are systematically
discussed. The fixed maximal vertical displacement is considered, with four moving
durations and five disturbance widths being simulated, resulting in four disturbance
velocities and five disturbance bulks. The results indicate that the proposed RANS model
can accurately create various wave patterns (including the linear, solitary, and tsunami-like
waves) generated by bottom disturbances. Special attentions are paid to the tsunami-like
wave. The wave evolution exhibits strong dependence on disturbance duration and width,
with shorter durations triggering earlier soliton fission and longer widths accelerating
phase celerity. These findings highlight the critical role of disturbance parameters in
governing soliton formation and energy propagation patterns, which are vital in disaster
forecasting.

Keywords: vertical bottom disturbance; nonlinear water wave; Reynolds-averaged
Navier–Stokes equations; immersed boundary method; arriving time; tsunami-like wave

1. Introduction

Nonlinear water waves (NWWs) have garnered significant attention due to their
complex generation mechanisms and associated coastal hazards. They can be generated
by tide or current flowing over submarine topography (e.g., Semenov and Wu [1]). An-
other fundamental generation mechanism is sudden bottom disturbance, which has been
extensively investigated through laboratory experiments and numerical simulations (e.g.,
Derakhti et al. [2]; Gao et al. [3]). Among these, vertical bottom disturbances represent a
canonical scenario, conceptually modeling seabed earthquakes (Synolakis & Bernard [4];
Reeve et al. [5]). Research on this mechanism has revealed that it can generate diverse
and often extreme wave forms, including solitary waves, tsunami-like waves, and undular
bores (e.g., Fang et al. [6]; Jing et al. [7]; Gao et al. [8,9]). A thorough understanding of
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the generation and evolution of such NWWs is, therefore, of considerable engineering
significance for coastal hazard mitigation.

Theoretical investigations of NWWs commonly assume an inviscid and incom-
pressible fluid. Under these assumptions, several governing equations have been de-
rived, including the forced Korteweg–de Vries (fKdV) equation (Hammack & Segur [10];
Tinti & Bortolucci [11]; Infeld et al. [12]), the Green–Naghdi (G–N) equations (Nadiga et al. [13];
Duan et al. [14]), and the Boussinesq or generalized Boussinesq (B/g-B) equations
(Madsen et al. [15]; Løvholt et al. [16]). Analytical solutions indicate that NWWs generated
by bottom disturbances are influenced by both the velocity and bulk of the disturbance,
findings that are corroborated numerically by Shen and Chan [17] and Jin et al. [18]. Never-
theless, the inviscid assumption inherently introduces discrepancies in wave height, phase
celerity, wave form, breaking pattern, etc., which are attributable to the flow separation
and energy dissipation (Whittaker et al. [19]; Jin et al. [18]; Ebrahimi & Boroomand [20];
Mi et al. [21]). These discrepancies between potential solutions and real waves (either gener-
ated from experiments or simulations by high-fidelity numerical solvers) have been widely
noted (Zhang & Chwang [22]; Whittaker et al. [19]; Jin et al. [23]). In a related context,
Meyla and Stepanyants [24] theoretically examined the scattering of gravity–capillary
waves over a bottom step. They discovered an extra evanescent mode unique to gravity–
capillary wave scattering, which is essential for satisfying the additional boundary condi-
tion at the surface introduced by capillary effects. Collectively, while existing theoretical
studies provide a foundational framework for understanding NWWs, notable gaps remain
between idealized models and real wave dynamics.

The real waves, inherently encompassing key fluid properties, such as viscosity, turbu-
lence, and vorticity, are distinguished from idealized potential flow descriptions. When
fluid viscosity is considered, artificial Rayleigh damping has been widely adopted in the-
oretical analyses (Ockendon et al. [25]; Kim et al. [26]) to partially account for viscous
effects. While this approach can qualitatively represent viscous damping, determining an
appropriate value for the Rayleigh damping coefficient remains challenging, as it is influ-
enced by multiple factors such as wall roughness, surface dissipation, and fluid–structure
interaction (Kim et al. [26]; Ibrahim [27]; Mao et al. [28]; Jin et al. [29–31]). Nevertheless,
with careful calibration, the discrepancy between theoretical predictions and experimental
(or simulated) waves, particularly those generated by fluid–structure interaction (FSI), can
be rendered negligible. This has motivated a series of subsequent studies incorporating
artificial Rayleigh damping. For example, Wang et al. [32] introduced an artificial viscosity
term into the dynamic free surface boundary condition to analyze viscous effects on the
hydrodynamic performance of a fixed oscillating water column wave energy converter.
In a more advanced approach, Zhang et al. [33] developed a fully nonlinear sloshing
model enhanced by a machine learning strategy, in which a neural network was trained to
adaptively calibrate the artificial damping coefficient to evaluate the damping ratio.

Despite these advances, the capability of these artificial damping-based methods to
capture truly viscous effects remains limited. To the best of our knowledge, Wu et al. [33]
derived an exact solution based on the linearized Navier–Stokes equations. However,
significant deviations among the theoretical results, experimental data, and high-fidelity
numerical simulations (fully nonlinear potential solver and Navier–Stokes model) persist
(Zhang et al. [33]; Jin and Lin [34]; Jin et al. [35,36]), underscoring the ongoing difficulty in
accurately representing the effects of liquid viscosity in theoretical models.

An alternative approach for accurately exploring wave responses with realistic viscos-
ity is through laboratory experiments. Pioneering experimental work was conducted by
Hammack and Segur [10], who generated tsunami-like waves in a flume. Jamin et al. [37]
performed experiments in a circular wave basin, creating nonlinear waves via vertical
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bottom disturbances. Slunyaev et al. [38] provided accurate reconstructions of dynamic
pressure fields from surface displacement data across all tested models using experimen-
tal methods. More recently, Reeve et al. [4] validated the applicability of linear theory
through 32 sets of experiments. It is important to note, however, that most experiments are
conducted at relatively small scales and can be cost-prohibitive, and limited parametric
flexibility also restricts the comprehensiveness of the experiments.

High-fidelity numerical modeling offers another powerful alternative. When thor-
oughly validated, numerical simulations are particularly suitable for investigating the
fundamental nature of NWWs, as they circumvent the scale effects inherent in physi-
cal experiments. Early simulations primarily relied on depth-averaged Navier–Stokes
equations, commonly referred to as shallow-water equations (SWEs) (Lee et al. [39];
Bai and Cheung [40]; Whittaker et al. [19]; Gao et al. [41]; Jin et al. [42]). For instance,
Dragani [43] applied an SWE model to study long ocean wave generation in the coastal
waters of Buenos Aires province, Argentina. Auclair et al. [44] employed a non-hydrostatic
and non-Boussinesq model to investigate gravity wave generation, discussing the influence
of bottom topography on wave formation. Nevertheless, it should be noted that these
inviscid, depth-averaged models struggle to accurately capture strongly nonlinear wave
dynamics, particularly in the near-field generation region (Wassim et al. [45]; Jin et al. [18]).

Because of the fast development of computational technologies, directly solving the
Navier–Stokes equations with appropriate numerical methods to resolve FSI offers a
rigorous approach to revealing the intrinsic behavior of realistic waves (e.g., Gao et al. [46];
Mi et al. [47]). Shen and Chan [17] developed a combined immersed boundary method
(IBM) and a Navier–Stokes model to study NWWs induced by vertical motions, revealing a
clear relationship between the arrival time and disturbance duration. Wang and Chan [48]
proposed a RANS model to investigate wave generation mechanisms and derived explicit
predictive equations for wavelength and amplitude. Xie and Du [49] implemented a
tsunami generation procedure using the interFoam solver to simulate leading-depression
tsunami waves and analyze their run-up behaviors. More recently, Jin et al. [18] identified
the disturbance velocity as a dominant parameter governing stable wave profiles. While
these studies have broadly outlined NWW generation via bottom movements, the reported
wave characteristics remain scattered across parameter spaces, and a systematic portrayal
of wave generation and propagation processes is still lacking.

To address the research gap, the present study investigates the characteristics of NWWs
generated by vertically moving bottom disturbances using a RANS model, in which flow
turbulence and FSI are resolved by the k–ε model and IBM, respectively. Wave dynamics
during both generation and propagation phases are analyzed in detail. The influences of
movement duration and disturbance width are examined, revealing that both parameters
critically govern the arrival time of NWWs. The remainder of this paper is organized
as follows: Section 2 introduces the governing equations and numerical methodology;
Section 3 presents benchmark tests and model validation; Section 4 discusses the features
of NWWs induced by vertical disturbances; and Section 5 summarizes the key findings.

2. Governing Equations and Numerical Methodology

The OpenFOAM version proposed by Mi et al. [21] is utilized to simulate NWWs
induced by upward-moving bottom disturbances with varying movement duration and
disturbance bulk. The turbulence and the interaction between the fluid and structure
are implemented by the k–E model and IBM, respectively. The governing equations are
solved using a two-step projection method for momentum conservation, and free surface
dynamics are captured using the volume of fluid (VOF) technique.
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2.1. Governing Equations

The fluid media are tap water and air, with densities of 998 kg/m3 and 1.0 kg/m3,
respectively. Considering that the fluid and structure motions are at a low speed, it is accept-
able that both fluids are assumed to be incompressible. Then, the basic governing equations
of the flow motions are formulated as the continuity equation and the Reynolds-averaged
Navier–Stokes (RANS) equation. The k–E model is adopted to solve the turbulence. The
total equations are summarized as follows:

∂ui
∂xi

= 0 (1)

∂ui
∂t

+
∂uiuj

∂xj
= −1

ρ

∂p
∂xi

+ fi +
1
ρ

∂

∂xj

(
μ

∂ui
∂xj

− ρu′
iu′

j

)
+ (FIBM)i (2)

where I and j = 1 and 2 for the two-dimensional (2D) flow. ui and p are the mean velocity
and fluid pressure, respectively; ρ is the fluid density; fi is the gravitational acceleration;
and μ is the kinematic viscosity. FIBM is the immersed boundary force, which represents
the hydrodynamic forces exerted on the flow by the vertical bottom disturbance. ρu′

iu′
j

stands for the Reynolds stress, which can be resolved through the two-equation models as
follows:
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R =
Cμρη3(1 − η/η0)

1 + βη3
ε2

k
, η =

Sk
ε

, μt = ρCu
k2

ε
(5)

where k and ε are the turbulent kinetic energy and the dissipation rate, respectively. μt is
the turbulent viscosity, and Pk = μtS2 represents the productions due to the mean velocity
shear, where S is the average strain rate tensor. σk is the Prandtl number corresponding
to k, with a value of 0.7179, and σε is the Prandtl number corresponding to ε, with a value
of 0.7179. Cu is a constant of 0.0845. The empirical constants C1ε and C2ε, η0 and β, are
respectively set as 1.42, 1.68, 4.38, and 1.92.

2.2. Numerical Methodology

This two-step projection method can effectively uncouple the pressure from the mo-
mentum equation. This strategy transforms the coupled problem into sequential, compu-
tationally tractable steps, significantly enhancing numerical stability and efficiency. The
details of this method are divided into the following two steps:

Step 1 :
ũn+1

i − un
i

Δt
= −un

j
∂un

i
∂xj

+
1
ρn

∂

∂xj

(
μ

∂un
i

∂xj
− ρ

〈
(un

i )
′(un

j

)′〉)
(6)

Step 2 :
un+1

i − ũn+1
i

Δt
= − 1

ρn
∂pn+1

∂xi
+ f n+1

i + (FIBM)n+1
i (7)

Step 1 is to first compute an intermediate velocity (denoted by ũi
n+1), which may not

satisfy the continuity equation of Equation (1), and then Step 2 is to subsequently correct it
to the final flow field via a pressure projection. Taking the divergence of Equation (7) and
substituting Equation (1) yields the pressure Poisson equation (PPE) as follows:
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∂

∂xi
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1
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1
Δt
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∂xi
+
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i
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+
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i

∂xi
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It is noted that the hydrodynamic force (FIBM)i
n+1 is only non-zero at the fluid–solid

interface, which can be estimated from Equation (7) as follows:

(FIBM)n+1
i =

un+1
i − ũn+1

i
Δt

+
1
ρn

∂pn+1

∂xi
− f n+1

i (9)

At the (n + 1)-th time step, the velocity ui
n+1 is unknown. To address this, a new

velocity ûi
n+1 is introduced to replace ui

n+1 in Equation (9). This velocity is interpolated
between the predicted fluid velocity in the interior fluid cells and the zero-velocity condition
enforced on the fluid–solid interface. The forcing term is implemented as an implicit source
within the momentum equation, coupled with the pressure–velocity correction procedure
to maintain stability at practical time steps.

3. Benchmark Tests and Model Validation

This section presents the validation of the proposed model against established theoret-
ical solutions and experimental and numerical data from the literature. Three benchmark
cases of gravity waves are considered: linear, solitary, and tsunami-like waves.

3.1. Generation of Linear Waves

The generation of a linear wave (LW) is based on the principle of volume displacement,
which assumes the crest volume above the still water depth (defined as h) equals the water
confined by the wavemaker (Galvin [50]). Following this principle, a numerical underwater
wavemaker is implemented to simulate an LW generated by a rectangular upthrust. The
general formula can be expressed as follows in Equation (10):

∫ t

0

∫ l

0
y(x, t)dxdt =2

∫ t

0
η(x, t)dt (10)

where l denotes the upthrust width, y(x,t) represents the upthrust displacement, and
η(t) expresses the free surface displacement. The schematic diagram of the underwater
wavemaker is shown in Figure 1. Factor 2 is used on the account that two systematic
wave trains are generated on both sides. To avoid wave reflection from the left and right
boundaries, the transmissive boundary condition is applied, which is as follows:

∂ϕ

∂t
+ Un

∂ϕ

∂n
+

c
L

ϕ = 0 (11)

where ϕ denotes various wave characteristics at the boundary, including the mean velocity,
the mean free surface displacement, the turbulent kinetic energy, the turbulent dissipation
rate, etc. Un is the normal component of velocity at the boundary. c and L are the charac-
teristic wave speed (equaling to (gh)0.5, where g is the gravitational acceleration) and the
characteristic length scale (set as the wavelength in the present study), respectively.

To excite a linear wave whose free surface displacement satisfies η(x,t) = H/2 sin(2π/T× t),
where H and T denote the wave height and wave period, respectively, a prescribed bottom
upthrust motion y(x,t) is applied. To minimize startup transients, the displacement follows
a smoothed trajectory given by y(x,t) = S × [1 − cos(2π/T × t)] with a corresponding
velocity of 2πS/T × sin(2π/T × t), where S represents half of the stroke. A linear wave
with H = 0.0068 m and T = 1.0 s is expected in a domain of h = 0.1 m. Based on the
linear dispersion relationship, kh = 0.68, where k stands for the wave number, meaning an
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intermediate water depth. The computational domain of 50.0 m × 0.115 m is discretized
into 2500 × 230 uniform grids with Δx = 0.02 m and Δz = 0.0005 m. Radiation boundary
conditions are imposed at both sides of the domain to avoid wave reflection, and the time
step is automatically adjusted to ensure numerical stability. The upthrust is a rectangular
shape that is initially arranged at the middle of the domain in x axis, with l = 0.2 m, and
S is estimated to be 0.01 m.

 

Figure 1. Schematic diagram of an underwater wavemaker.

Figure 2 shows the comparisons of the free surface profiles at different instants
t/T = 1, 3, 5, 7, and 9 between the present numerical results and analytical wave pro-
files. From the figure, two successive wave trains have been generated on both sides; the
leading waves at both onshore (negative x) and offshore (positive x) directions are smaller
than the waves near the wavemaker zone. Excellent agreement has been guaranteed be-
tween the present numerical result and the analytical solution, implying the accuracy of
the present model in modeling the LW with small amplitude, which further indicates the
negligible numerical dissipation.

 

Figure 2. Comparisons of the free surface profiles between the present numerical results (dash–dot
line) and analytical wave profiles (solid line) at different instants: (a) t/T = 1; (b) t/T = 3; (c) t/T = 5;
(d) t/T = 7; (e) t/T = 9.
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3.2. Generation of Tsunami-like Waves

The configuration of a rectangular bottom disturbance in water of depth of h is
illustrated in Figure 3a, where bup and ζ(t) are the disturbance width and displacement,
respectively, and tup stands for the rise time of the disturbance. This setup replicates the
seminal experiments of Hammack and Segur [10] on tsunami-like wave generation by
vertical bottom motion. Shen and Chan [17] reconsidered this problem through an in-house
code Navier–Stokes model, with the bottom disturbance being implemented through IBM.
The schematic diagram of the experimental setup is shown in Figure 3a, where three wave
gauges are installed at 0.61 m, 1.61 m, and 9.61 m away from the left boundary wall. h and
bup are set as 0.05 m and 0.61 m, respectively. The disturbance motion lasts 1.0 s, with the
corresponding movement velocity and disturbance displacement shown in Figure 3b,c.

 

(a)

(b) (c)

Figure 3. Generation of the tsunami-like wave: (a) schematic diagram of the fluid domain and bottom
disturbance; (b) movement velocity; (c) disturbance displacement.

The computation domain 10.0 m × 0.06 m is discretized into 2000 × 150 uniform
grids with Δx = 0.005 m and Δz = 0.0004 m. The time step is adaptively adjusted to ensure
numerical stability. The free surface displacements at three wave gauges are presented in
Figure 4, alongside the experimental data of Hammack and Segur [10] and the numerical
results of Shen and Chan [17] for comparison. The discrepancies between the present
model and that of Shen and Chan [17] are minimal, particularly in the near-field generation
region, although the present model is slightly ahead of that of Shen and Chan [17] at the
far region, x = 9.61 m, and overall agreement remains good. Both numerical results slightly
underestimate the experimental data of Hammack and Segur [10] in the generating region,
but the phase shift is unapparent, which implies good numerical conservation. In the far
region, x = 9.61 m, the experimental data lag both numerical results, and this may be mainly
due to accumulative errors in the numerical simulations.

Figure 5 illustrates the free surface profiles and corresponding pressure distributions
at successive instants: t = 2.0 s, 4.0 s, 6.0 s, 8.0 s, 10.0 s, and 12.0 s. After the initial 1.0 s,
gravity is the only restoring force without other disturbances. By t = 2.0 s, there exists a
bulk of water proceeding offshore (positive x). Subsequently, the leading bulk undergoes
fission under gravitational effects, gradually splitting into successive soliton trains in the
leading crest, behaving like a dispersive wave, which is also called the tsunami-like wave

13



Water 2025, 17, 3573

(Jing et al. [51]). The water in the generating zone restores calm promptly after the wave
leaves the generating region, as reflected by the hydrostatic pressure distribution observed
in the later stages.
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Figure 4. Comparisons of time series free surface displacements among the present numerical
result (dash–dot line), numerical result of Shen and Chan [17] (solid line), and experimental data of
Hammack and Segur [10] (plus) at three gauges: (a) Gauge 1; (b) Gauge 2; (c) Gauge 3.

 

Figure 5. Free surface snapshots and pressure distributions at different instants: (a) t = 2.0 s;
(b) t = 4.0 s; (c) t = 6.0 s; (d) t = 8.0 s; (e) t = 10.0 s; (f) t = 12.0 s.
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4. Effects of Bottom Disturbance on Wave Features

Tsunami-like waves represent a common manifestation of seabed deformation during
marine earthquakes. Seismic loading can trigger parts of the seabed to move vertically,
which also represents the conceptual process of seabed upthrust, serving as a key gen-
eration mechanism for such waves. Studies have identified that both the movement
velocity and disturbance bulk (or width) dominate the generated wave (Derakhti et al. [2];
Shen and Chan [17]). Building on the validation in Section 3.2, this part extends the
investigation to NWWs generated by an upward-moving bottom disturbance.

4.1. Disturbance Settings

The field investigation and numerical simulation have revealed that the arrival time
of the tsunami and tsunami-like wave is strongly dependent on the total duration of the
seabed movement (Derakhti et al. [2]; Shen and Chan [17]), which is correlated to the
movement velocity. Additionally, the disturbance bulk is another dominant parameter
(Hammack and Segur [10]; Wu [52]). The larger bulk means more water is prone to
move under the influence of seabed disturbance. To systematically investigate these
effects, the following two sub-sections examine the influences of the two parameters on the
generated waves.

In the subsequent simulations, a fixed disturbance displacement of 0.01 m with four
disturbance durations is adopted, with whom velocity and displacement are displayed
in Figure 6. The two solid lines in the figure denote the benchmark case discussed in
Section 3.2. In addition, five disturbance widths are simulated and presented in Section 4.3.
In total, twenty numerical cases are modeled to comprehensively elucidate the role of
disturbance velocity and bulk in governing wave characteristics.

Figure 6. Time series movements of a bottom disturbance: (a) velocity; (b) displacement [10].

4.2. Influence of Disturbance Velocity

To evaluate the influence of disturbance velocity on wave generation, four distinct
velocities are considered, as illustrated in Figure 6, among which the case of Td = 1.0 s is
a reference case, which has yet to be verified. All cases share the same maximum vertical
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displacement, while the movement duration varies from 0.25 s to 2.0 s, resulting in maximum
disturbance velocities (Umax) ranging approximately from 0.0079 m/s to 0.064 m/s.

The comparisons of time series free surface displacements at Gauge 1, Gauge 2, and
Gauge 3 under four disturbance velocities are displayed in Figure 7. Near the source region
(Gauge 1), the surface elevation exhibits a non-isosceles trapezoidal shape in all cases, except
for the longest duration (Td = 2.0 s), which retains a solitary-like profile. The peak surface
elevations are consistently slightly less than half of the maximum bottom displacement,
consistent with earlier studies (Hammack and Segur [10]; Shen and ChaN [17]; Wu [52]).
As the wave propagates to Gauge 2 (x = 1.61 m), the leading wave begins to fission into
multiple solitons in the shorter-duration cases (Td = 0.25 s and 0.5 s), accompanied by an
amplitude increase relative to Gauge 1. The case of Td = 1.0 s maintains a trapezoidal form,
while that of Td = 2.0 s continues to show a solitary-like profile with little change in wave
height from Gauge 1.

 

Figure 7. Comparisons of time series free surface displacements among various Td = 0.25 s, 0.5 s,
1.0 s, and 2.0 s at three gauges: (a) Gauge 1; (b) Gauge 2; (c) Gauge 3.

At the far-field Gauge 3, clear soliton trains are observed in all cases, confirming
the eventual formation of a tsunami-like wave. The amplitude of the leading soliton is
higher than that recorded at the previous gauges. Both the arrival time and amplitude
of the leading soliton vary systematically with Td. Shorter disturbance durations result
in earlier arrival and larger phase celerity, indicating that faster disturbance motion gen-
erates faster nonlinear waves and thus an earlier tsunami onset. The wave amplitude
decreases with increasing Td. Moreover, the time intervals between the leading solitons
of consecutive cases are approximately 0.13 s, 0.26 s, and 0.50 s, roughly half of the differ-
ences in disturbance duration, which highlights the critical role of movement duration in
tsunami wave forecasting.
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The wave energy evolutions across various gauges and under different disturbance
durations are accordingly discussed, as displayed in the wavelet spectrogram results of
Figure 8. The results reveal distinct spatiotemporal patterns of energy concentration in
the frequency–time domain at each measurement location. As Td increases from 0.25 s
to 2.0 s, a clear delay in wave energy migration is observed at Gauge 3, as marked by
dashed lines in both the temporal and frequency dimensions. Specifically, for Td = 0.25 s,
the dominant energy at Gauge 3 is concentrated around a relatively high frequency and
early time, whereas for Td = 2.0 s, it shifts toward lower frequencies and later times. In
contrast, Gauge 1 and Gauge 2 display less pronounced energy variation with Td, implying
that wave energy transformation becomes most pronounced in the far field (Gauge 3)
under extended disturbance durations. This spatial and parametric disparity in energy
distribution underscores the strong dependence of wave energy propagation on both the
measurement location and the disturbance duration. Furthermore, the results indicate that
wave celerity in the generation region varies significantly with Td, a finding essential for
understanding nonlinear wave dynamics.

 

Figure 8. Time series wavelet spectrogram results for the corresponding free surface displacements
across different wave gauges (left, middle, and right columns for Gauge 1, Gauge 2, and Gauge
3, respectively) and under varied disturbance durations (first, second, third, and fourth rows for
Td = 0.25 s, 0.5 s, 1.0 s, and 2.0 s, respectively). The blue and pink dashed lines represent the trends of
spatial-temporal energy transfer.

To further elucidate the wave characteristics, Figure 9 compares the free surface
profiles at several instants (t = 0.2, 0.5, 1.0, 4.0, 8.0, and 12.0 s) across the four disturbance
durations, with the case of Td = 1.0 s included as a reference (previously validated in
Figure 4). As shown in the figures, the shortest-duration case (Td = 0.25 s) consistently
exhibits the largest wave height and phase celerity of the leading crest. In all cases, the
initial elevation undergoes fission, breaking up into several solitons at the wave front. Both
the number of solitons and the instant at which fission initiates increase as the disturbance
duration Td decreases.
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Figure 9. Comparisons of the free surface profiles among cases with various Td = 0.25 s, 0.5 s, 1.0 s
(the reference case), and 2.0 s at different instants: (a) t = 0.2 s; (b) t = 0.5 s; (c) t = 1.0 s; (d) t = 4.0 s;
(e) t = 8.0 s; (f) t = 12.0 s.

4.3. Influence of Disturbance Bulk

Following the analysis of a fixed bottom width Lup = 0.61 m in Section 3.2, this section
examines nonlinear waves generated by disturbances with varying widths. Five different
widths are considered, namely, 0.2 m, 0.4 m, 0.61 m, 0.8 m, and 1.0 m, implying a series
of disturbance bulks. To emphasize nonlinear effects, the shortest disturbance duration
Td = 0.25 s is selected, as it produces the most pronounced wave height and highest phase
celerity (see Figure 6). Accordingly, the case with Td = 0.25 s and Lup = 0.61 m serves as the
reference, which has not yet been discussed.

Figure 10 gives the comparisons of time series of free surface displacements at four
gauges, including an additional gauge at x = 6.61 m to better capture intermediate-field
behavior. Near the generation region, the maximal wave heights for the two cases with
Lup = 0.8 m and Lup = 1.0 m can approach 0.01 m, whereas the remaining three cases
remain below half of the maximum disturbance displacement, consistent with trends in
Figure 7. As the waves pass over Gauge 2 (see Figure 10b), wave heights of the two widest
disturbances with Lup = 0.8 m and Lup = 1.0 m decrease to a value comparable to the
other cases. All profiles behave as the non-isosceles trapezoid, except for the case with
Lup = 0.2 m, the minimal upthrust width, exhibiting an irregular solitary-like feature. In
the far fields, x = 6.61 m and x = 9.61 m, well-defined soliton trains emerge for Lup ≥ 0.4 m.
Among these, the case with Lup = 0.4 m shows a slightly reduced leading wave height. In
contrast, the narrowest case (Lup = 0.2 m) maintains a solitary wave profile throughout
propagation, particularly evident in the far field x = 9.61 m. Furthermore, the phase celerity
of the leading wave grows systematically with the disturbance width Lup.
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Figure 10. Comparisons of time series of the free surface displacements among various Lup = 0.2 m,
0.4 m, 0.61 m (reference case), 0.8 m, and 1.0 m at four gauges: (a) x = 0.61 m; (b) x = 1.61 m;
(c) x = 6.61 m; (d) x = 9.61 m.

To elucidate the influence of disturbance width on wave energy evolutions across
distinct spatial locations, the wavelet spectrogram results of three cases (Lup = 0.2 m, 0.61 m,
1.0 m) are selected for further discussions, as displayed in Figure 11. The energy distribution
in the frequency–time domain presents remarkable spatial–temporal heterogeneity. As
Lup increases from 0.2 m to 1.0 m, the wave energy migration (marked by dashed lines)
at downstream gauges (especially Gauge 3) exhibits a systematic shift in both frequency
and time. Specifically, for Lup = 1.0 m, the dominant energy at Gauge 3 is concentrated at
relatively lower frequencies and later times compared to cases with narrower disturbance
widths. In contrast, upstream gauges (Gauge 1 and Gauge 2) show less significant energy
variation with Lup, indicating that the modulation of disturbance width exerts a more
pronounced effect on wave energy evolution. This spatial divergence in energy dynamics
across gauges and Lup values underscores the critical role of disturbance bulk in governing
wave energy propagation, which is essential for advancing the understanding of the wave-
bottom interaction mechanism.

A comparison of wave characteristics among the five cases is demonstrated in
Figure 12, with the case of Lup = 0.61 m serving as the reference (previously shown as the
solid line in Figure 9, Td = 0.25 s and Lup = 0.61 m). The case of Lup = 1.0 m displays the
largest wave height and the highest phase celerity. The comparisons also imply that the
phase celerity increases with the increasing disturbance width Lup, as well as the timing of
wave fission. In contrast, the narrowest disturbance case (Lup = 0.2 m) gradually develops
into an irregular solitary wave, exhibiting transient spatiotemporal features of a strain of
oscillating tails rather than a flat tail as the standard solitary wave, which is consistent with
tsunami-like waves documented in field observations of Kawai et al. [53].
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Figure 12. Comparisons of the free surface profiles among cases with various Lup = 0.2 m, 0.4 m,
0.61 m (the reference case), 0.8 m, and 1.0 m at different instants: (a) t = 0.2 s; (b) t = 0.5 s; (c) t = 1.0 s;
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5. Conclusions

This study numerically investigates the generation and propagation of nonlinear
water waves (NWWs) by vertical bottom disturbances, employing a Reynolds-averaged
Navier–Stokes (RANS) solver. The model incorporates the k–E model and the immersed
boundary method (IBM) to represent the moving seabed disturbance, with the free sur-
face captured by the volume of fluid (VOF) method. The model demonstrates robust
accuracy in capturing the key features of resultant wave fields. The key findings are
summarized as follows:

1. The model demonstrates high accuracy across a defined parameter space, simulating
bottom disturbances with non-dimensional velocity amplitudes (Ud/

√
gh) ranging

from 0.113 to 0.091 and non-dimensional widths (Lup/0.61) ranging from 0.328 to
1.639, validating its capability in capturing essential wave features across a broad
range of disturbance velocities and widths.

2. The generated wave field exhibits strong dependence on both the disturbance dura-
tion Td and width Lup. For instance, the decrease in Td and the growth of Lup can
independently lead to an increase in phase celerity and wave height of the leading
soliton. All simulated cases evolve into dispersive wave trains whose leading crest
undergoes fission into successive solitons, a hallmark of a tsunami-like wave.

3. Shorter disturbance durations result in earlier fission of the leading crest into soliton
trains and higher phase celerities. This inverse relationship between disturbance
duration and wave celerity provides crucial insight for wave forecasting applications.

4. Larger disturbance widths generate nonlinear waves in a near-linear increase in the
phase celerity of the leading wave. The amplitude of the leading soliton decreases with
increasing Td but increases with expanding Lup, revealing competing mechanisms
governing wave amplitude evolution.

5. Wave energy evolution demonstrates distinct spatiotemporal patterns, with the main
wave energy nonlinearly migrating from higher frequencies to lower frequencies
in the offshore direction (the prorogating direction) for longer disturbances. This
spectral evolution underscores the critical role of both disturbance duration and width
in governing wave energy propagation characteristics.

These findings substantially advance the understanding of tsunami-like wave genera-
tion mechanisms and provide valuable insights for predicting wave behaviors in scenarios
involving seabed disturbances, with relevance to coastal hazard assessment and early
warning systems.
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Abstract: In this study, the effects of a submerged shell dike in front of a breakwater on
dissipating broken waves were studied. The dissipation effects of different broken wave
heights and the submerged shell dike were investigated through numerical simulations.
High-precision wave gauges and pressure sensors were used to collect data. Numerical
simulations were performed using OpenFOAM software, based on the Volume of Fluid
(VOF) method, to simulate broken waves. The time-histories of broken wave heights
simulated by the numerical model were validated by physical experiment results, and the
proportion of errors was less than 5.6%. The results show that the broken wave exerted on
different positions of the breakwater shows a different time-history of pressures, and the
peak pressure decreases with the decreasing broken wave height (from 0.342 to 0.227 m in
the model) and increasing radii of the submerged shell dike (from 0.03 m to 0.18 m in the
model). Through dimensional analysis, the relationship between the broken wave pressures
and the dimensionless parameters related to broken wave height, breakwater height, and
the radii of the submerged shell dike were established. Following the attenuation of the
broken wave by the submerged shell dike, the equations for estimating broken wave
pressures on various points along the breakwater were proposed. These equations are
functions of the broken wave height, the radius of the submerged shell dike, and the height
of the breakwater.

Keywords: breakwater; shell dike; broken wave; OpenFOAM; wave dissipation

1. Introduction

Amidst global climate change and rising extreme weather events, coastal protection
engineering has gained prominence. The interaction of hurricane-generated extreme waves
with broken waves has led to significant damage to offshore structures [1].

Submerged breakwaters are hydraulic structures built below the designed water level,
serving as effective measures for coastal protection. Jiang et al. [2] examined wave trapping
by submerged breakwaters near a vertical one. Two modes are found: reflection and trap-
ping. The distance between them affects local hydrodynamics and stresses. More porous
submerged breakwaters reduce wave force on the vertical breakwater and liquefaction
around it. Hassanpour et al. [3] experimentally compared low-crested and submerged
breakwaters with emerged ones using existing formulae and reference configurations,
finding few reliable estimates of the transmission coefficient, higher errors in emerged
breakwaters, and highlighting differences in transmitted wave energy. Physical model tests
on a submerged horizontal plate for solitary wave control showed that indirect reflection
dominates, dissipation rises with friction and nonlinearity, and specific parameters peak.

Water 2025, 17, 609 https://doi.org/10.3390/w17050609
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Modified factors reveal the best classification and prediction methods [4]. Recent studies
have increasingly focused on the impact of submerged breakwaters on wave propagation
and vortex generation. For instance, Li et al. [5] developed a meshless computational
framework based on the Localized Method of Fundamental Solutions (LMFS) to simulate
the nonlinear wave propagation around trapezoidal submerged breakwaters in a three-
dimensional numerical wave tank, demonstrating its accuracy through comparison with
analytical solutions and experimental data. Xu et al. [1] proposed a new type of semicircular
submerged breakwater designed to reduce wave loads on coastal bridges, showing superior
energy dissipation efficiency compared to traditional designs through high-precision nu-
merical simulations. Additionally, Xuan et al. [6] studied the hydrodynamic performance of
hollow triangle breakwaters, highlighting their effectiveness in altering wave transmission
characteristics and kinetic energy dissipation patterns under various liquid properties.

Recent studies highlight the crucial role of mathematical models in designing break-
waters. These models are essential for understanding the complexity and broken nature of
nearshore waves exacerbated by extreme weather. Zhao et al. [7] proposed a Constraint
Interpolation Profile (CIP) viscous flow model, coupled with the Finite Element Method
for structural deformation analysis, to investigate the wave interaction with a fluid-filled
membrane submerged breakwater. Setyandito et al. [8] analyzed flow velocity in wave
energy conversion systems within perforated breakwaters, showing that steeper slopes
enhance energy generation. Yin et al. [9] employed OpenFOAM for simulations of pile
breakwaters under solitary waves, providing practical design guidance. Guler et al. [10]
assessed tsunami attacks on rockfill dam breakwaters using OpenFOAM’s IHFOAM solver,
demonstrating the model’s practical engineering applications. Marisol and vanGent [11]
simulated wave overtopping over rock-armored breakwaters with OpenFOAM, validating
physical model trends and design guidelines. These studies collectively underscore the
power of mathematical models in understanding complex fluid dynamics and optimizing
coastal defense structures.

As concepts such as marine ecology, environmental awareness, and sustainable coastal
development have gained increasing attention, there has been a shift towards emphasizing
the harmonious integration of engineering structures with natural ecosystems, leading to
new trends in the development of breakwater structures and the emergence of various
ecological submerged breakwaters. Chowdhury et al. [12] found that oyster reefs can
effectively reduce erosion at the front edge of tidal flats, with factors such as the duration
of submergence and water depth significantly impacting wave attenuation. Specifically,
oyster reefs submerged for less than 50% of the time can achieve up to 68% reduction
in wave height. Zhuang et al. [13] used smartphone photogrammetry to create high-
resolution DEMs of oyster reefs, revealing morphological differences between live and
degraded reefs and emphasizing the role of oysters in local hydrodynamics and reef
growth. Michalzik et al. [14] investigated grass covers for dikes, revealing minor losses
in resistance after one storm surge season, with herb- and legume-dominated covers
developing more slowly than grass-dominated ones, this having negligible effects on dike
safety. Shinn et al. [15] monitored oyster reefs made of shell, concrete, and stone over
seven years. The reefs created a habitat but did not fully achieve coastal protection goals
like material stability or wave attenuation. These studies underscore the importance of
ecological wave attenuation for sustainable coastal protection.

Due to the good wave-breaking effect of the shell reef, in this paper, the effect of the
wave dissipation of submerged shell dikes in front of a typical breakwater is explored. A
numerical model was established and verified based on physical experiment results. Broken
wave pressures on the typical breakwater for different wave conditions and submerged
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shell dikes were recorded, and the equations of the pressures on the breakwaters were
proposed for different points.

2. Materials and Methods

2.1. Broken Wave Flume

The experimental setup of the broken wave flume consists of a polygonal reservoir
and a test flume. As illustrated in Figure 1, the test flume was equipped with a sluice gate,
a slope, a platform, a vent pipe, and a drainage area. The reservoir, an irregular polygon,
had a maximum length of 11.5 m, a maximum width of 11.0 m, and a height of 0.8 m,
with a maximum working water depth of 0.7 m and a total capacity of 105 m3. The water
level in the reservoir was dynamically maintained by controlling both the pump and the
sluice gate.

Figure 1. Photograph and schematic of broken wave flume.
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Based on the experimental requirements, the reservoir water levels were set to 0.5 m,
0.6 m, and 0.7 m. The test flume, measuring 16.5 m in length, 1.5 m in width, and 0.8 m in
height, was connected to the reservoir via the sluice gate. The sidewalls of the flume were
constructed of blue bricks, and the bottom was polished concrete. To prevent leakage, the
sides and bottom of the flume were coated with a waterproof asphalt layer. Additionally,
a stainless-steel slope (2 m in length and 1.5 m in width) with a gradient of 1:20 was
installed between the flume and the shoreline to simulate the breaking process of the
broken waves upon reaching the shore. A transparent glass window was installed behind
the slope to facilitate the observation of the interaction between the broken waves and the
model structures.

When propagating near the shore, the broken waves could arrive as a crest; thus, the
broken waves impacted the coastal structures above the initial water level. This experiment
was conducted under wet-bed conditions to simulate the impact of broken waves. To
maintain wet-bed conditions in front of the breakwater, a 1.5 m wide and 0.2 m thick steel
plate was installed at the end of the flume to raise the bed. Given that the flume’s width
is 1.5 m and the broken waves heights are relatively small, the flume has a high width-to-
depth ratio. Under these conditions, the sidewall effects can be considered negligible, and
the flow outside the near-wall region can be regarded as two-dimensional.

2.2. Experimental Apparatus

The physical model experiment simulated broken waves in the test flume using the
Dam-break Wave-Generating System (DWGS), which consists of a computer control system,
gate control box, hydraulic system, and sluice gate. This system was developed by Fuzhou
University in Fuzhou, China. The sluice gate is a flat gate that can move vertically with high
flexibility. To generate the dam-break wave, the computer control system sends precise
instructions to the gate control box, dictating the gate’s lifting time and opening height.
Specifically, the gate lifting time is 0.28 s, and the opening height is 0.35 m. For an RWL of
0.4 m, the gate lifting time is less than the theoretical dam-break time, indicating that the
gate’s lifting time and height do not significantly affect the wave’s propagation.

When the waves enter shallow water, longer wavelengths occur after breaking up. To
generate and maintain a stable broken wave profile within the flume (with a length of more
than 10 m), the gate is lifted to a specified height and remains open for 5 s. This operation
ensures that the dam-break wave formation and the subsequent broken waves’ simulation
meet the precise requirements and standards of the experiment.

For accurate wave height measurements, the LG-2 high-precision wave gauges were
employed. This sophisticated instrument is capable of precisely measuring wave heights
within a range of 0 to 70 cm and boasts an impressive data recording frequency of 2000 Hz,
ensuring comprehensive and detailed capture of even the most dynamic fluid surface
variations. This high-resolution recording ensures precise and real-time data, meeting the
stringent accuracy demands of broken wave research. Prior to the experiment, the wave
gauges were fully calibrated by placing them in environments with different water depths,
establishing a linear relationship (KC value) between the electrical signal output and the
water depth.

2.3. Numerical Method

The motion of fluid can be described by the Navier–Stokes equations. In this study, the
Reynolds-Averaged Navier–Stokes (RANS) equations, along with the SST k-ω turbulence
model, are employed to describe the fluid flow. In this model, the fluid is an incompressible
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viscous flow, and its governing equations for mass and momentum conservation are given
by Equations (1) and (2), respectively.

∂ui
∂xi

= 0 (1)

∂

∂t
(ρω) +

∂

∂xj

(
ρωuj

)
=

∂

∂xj

(
Γω

∂ω

∂xj

)
+ Gω − Yω + Dω + Sω (2)

In these equations, ui and uj represent the mean velocities in the i and j directions,
respectively; u′

i and u′
j denote the fluctuating velocities in the i and j directions, respectively;

xi and xj are the spatial coordinates along the i and j directions; p represents the mean
pressure; μ is the dynamic viscosity coefficient; ρ is the fluid density; t represents time.

The SST k-ω turbulence diffusion equations are given as below:

∂

∂t
(ρk) +

∂

∂xj

(
ρkuj
)
=

∂

∂xj

(
Γk

∂k
∂xj

)
+ Gk − Yk + Sk (3)

In the equations, k represents the turbulent kinetic energy; ui and uj denote the
velocities in the i and j directions, respectively, where ui = ui + u′

i and uj = uj + u′
j;

the terms Γω and Γk correspond to the effective diffusion terms for k and ω; Gk and
Gω are the production terms for k and ω; Yk and Yω denote the dissipation terms for
k and ω; Dω represents the transverse diffusion term; and Sk and Sω are the user-defined
source terms.

2.4. Numerical Model Setup

In this study, a numerical model (as depicted in Figure 2) of the experimental facility
was established using the computational fluid dynamics software OpenFOAM v2036
(released in June 2023). The scale of the numerical model is 1:1 relative to the physical
model, and 1:25 relative to the actual size in reality. Five different reservoir water levels
(RWLs) were set at 0.2 m, 0.25 m, 0.3 m, 0.35 m, and 0.4 m to generate broken waves of
varying intensities. The breakwater model (as depicted in Figure 3) has a height of 0.46 m,
a width of 1.5 m, and a slope of 1:1.5. The submerged shell dike models were configured
as R3×6, R6×3, R9×2, and R18×1, with each shell mound having a base length of 0.36 m
and a width of 1.5 m, oriented along the direction of the waves. By examining the wave
attenuation effects of the shell mounds at the five different RWLs, five operational scenarios
(Case 1 to Case 5) were established, as summarized in Table 1.

Figure 2. Numerical flume model (background grid spacing of 5 cm, with a locally densified grid of
2.5 cm in the flume area).
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Figure 3. Numerical model setup for breakwater and submerged shell dike: (a) R = 0.18 m;
(b) R = 0.09 m; (c) R = 0.06 m; (d) R = 0.03 m.

Table 1. Reservoir water level for different broken wave generating conditions.

Conditions RWL (m) Description

Case1 0.20 Weak wave
Case2 0.25 Minor weak wave
Case3 0.30 Moderate wave
Case4 0.35 Minor strong wave
Case5 0.40 Strong wave

The numerical model consists of a uniform grid with a cell size of 0.05 m. The bottom,
sides, and sluice gate boundaries of the model are set as no-slip boundary conditions,
while the top boundary is designated as an atmospheric boundary. Within the model, the
roughness coefficient Ks of the flume bottom is set to 0.0025, while the other surfaces are
assumed to be smooth. This study employs the InterFoam solver, which is an incompress-
ible multiphase solver based on the Volume of Fluid method for capturing interfaces and
simulating free-surface flows. The solver utilizes the finite volume method, where the
computational domain is represented by multiple control volumes or elements located at
the centroids of the computational nodes. The transport equations are then discretized and
integrated over these control volumes in both spatial and temporal domains.

In the numerical model, water level monitoring points that correspond to the locations
of the wave gauges used in the physical model experiments were established (as shown in
Figure 4). This arrangement aims to validate the reliability of the broken waves generated by
the numerical model. To obtain pressure data from the monitoring points, pressure probes
at specific locations on the coastal protection model were installed (as illustrated in Figure 5).
This setup allows for the measurement of pressure values at the corresponding points,
enabling an assessment of the pressure conditions experienced by the coastal structure.

Figure 4. Wave gauge locations in the physical model flume.
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Figure 5. Pressure measurement points on breakwater.

3. Results

3.1. Comparison of Broken Wave Between Numerical and Physical Flume

There are a total of six numerical simulation test conditions used for validation, with
reservoir water levels (RWLs) set to 0.5, 0.6, and 0.7 m, and initial water levels (IWLs) set
to 0.05 and 0.1 m. The test results are shown in Table 2. The results indicate that as RWL
increases, the broken wave height (hs) also increases, and similarly, as IWL increases, the
broken wave height also rises accordingly.

Table 2. Numerical model validation test results.

RWL (m) IWL (m) Broken Wave Height (m)

0.5 0.05 0.227
0.6 0.05 0.270
0.7 0.05 0.299
0.5 0.1 0.286
0.6 0.1 0.326
0.7 0.1 0.342

The comparison between the numerical simulation results and physical model ex-
periments demonstrates a high degree of consistency across different wave conditions.
Figure 6 illustrates the variation in wave height over time for different reservoir water
levels (RWLs) and initial water levels (IWLs). Each subfigure presents time series data of
wave height, where the numerical simulation results are validated against experimental
measurements, providing a comprehensive assessment of the numerical model’s accuracy.

The numerical model successfully captures the key dynamic characteristics of the
broken wave, including the rapid rise in wave height following dam failure and the
gradual stabilization as the wave propagates. Overall, the maximum discrepancy between
the numerical simulation and experimental results does not exceed 5.6%, indicating that the
model’s error is within an acceptable range. However, minor discrepancies in peak wave
height and the steady-state phase are observed, which may be attributed to simplifications
in the numerical model or uncertainties in the physical experiments.

For instance, in the case where RWL = 0.7 m and IWL = 0.05 m, both the numerical
and experimental results show similar trends in the initial wave height rise, although
the experimental data slightly overestimate the peak height. As the IWL increases, these
differences diminish, with better alignment between the numerical and experimental
waveforms, as observed in the case of RWL = 0.7 m and IWL = 0.1 m.

30



Water 2025, 17, 609

Figure 6. Comparison of numerical simulation results with physical model test results.

These comparisons confirm that the numerical flume is capable of accurately repro-
ducing the broken wave phenomena observed in physical modeling, demonstrating that it
is a reliable tool for investigating such events under various hydraulic conditions.

Given the successful validation of the numerical model of the broken wave flume,
the different cases of the broken wave heights (hs) required for this study (rounded to
two decimal places) are listed as follows in Table 3:

Table 3. The results of numerical simulation experiments on broken wave heights.

Case RWL (m) hs (m)

1 0.20 0.16
2 0.25 0.18
3 0.30 0.21
4 0.35 0.23
5 0.40 0.25
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3.2. Time-Histories of Pressures for Different Points on Breakwater

Investigations of time-histories of pressures for different points on the breakwater
show that all cases follow similar patterns. Case 3 (hs = 0.21) can be taken as an example,
for the period between 6 and 8 s, and for which the pressure time-history curves are
shown in Figure 7. Here, significant pressure fluctuations at various measurement points
indicate that when the broken waves passed over the submerged shell dike and reached
the slope, a substantial impact force was generated. P0 and P1 are located at the toe of
the slope, closest to the wave’s point of incidence. These positions received the direct
impact of the waves, resulting in the highest pressures. For the R3 submerged shell dike
condition, the peak pressure at P0 and P1 approached or exceeded 3000 kPa, indicating that
the wave energy dissipated minimally upon reaching these points. As the radius of the
submerged breakwater increased, the wave energy was more effectively dissipated during
transmission, resulting in a gradual reduction in pressure at these points under larger
breakwater radii. For the R18 submerged shell dike condition, the overall pressure values
were the lowest, and the peak pressure at points such as P0 and P1 significantly decreased,
demonstrating that this shell dike radius was the most effective in dissipating broken wave
energy. At positions P6 and P7, the pressure remained nearly stable, suggesting that the
higher locations were less affected by broken wave impacts.

 

Figure 7. For the conditions of case 3, the pressure time-history curves for each point are as follows:
(a) represents the R3 submerged shell dike, (b) represents the R6 submerged shell dike, (c) represents
the R9 submerged shell dike, and (d) represents the R18 submerged shell dike.
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3.3. Pressure for Different Broken Wave Heights

Investigations of pressure for different broken wave heights show that all cases follow
similar patterns. The R6 submerged shell dike condition can be taken as an example,
with the analysis for five different broken wave heights shown in Figure 8. P1 is located
near the toe of the slope, where the wave impact force is relatively high. As the wave
heights increase, the pressure peak rises significantly. When hs is 0.25 m, the pressure
peak approaches 4000 kPa, whereas the pressure is approximately 1500 kPa at an hs of
0.16 m. This indicates that as the wave heights increase, this leads to a significant increase
in pressure at P1.

 

Figure 8. The pressure at various points for different impact conditions in the R6 scenario:
(a) represents point P1, (b) represents point P3, (c) represents point P5, and (d) represents point P7.

P3 is located in the middle of the slope, farther from the toe, where the wave energy
has partially dissipated during transmission. As the wave heights increase, the pressure
at P3 also rises, but the pressure peak is slightly lower compared to P1, indicating that the
wave energy weakens as it reaches P3.

P5 is located higher up on the slope, where the impact of the waves is minimal. As
shown in Figure 8, P5 is affected by the waves in cases of higher hs (e.g., hs = 0.25 m), but
the overall pressure remains low, with peak values below 1000 kPa. In some instances,
negative pressure occurs, which could be attributed to the formation of negative pressure
zones during wave reflection or dissipation at higher elevations.
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P7 is located at the top of the slope and is minimally affected by direct wave impacts.
Due to its position far from the direct impact of the waves, the wave energy has largely
dissipated by the time it reaches this point.

It should be noted that the formation of negative pressure in waves is a complex
phenomenon resulting from the interaction of wave reflection and energy dissipation,
particularly when waves encounter obstacles or varying topography. When waves meet
elevated terrains or structural barriers, a portion of their energy reflects back, creating zones
of reduced pressure as the reflected waves interfere with incoming ones. Additionally,
the energy dissipation at higher altitudes, caused by factors such as air resistance and
thermal effects, further contributes to the decrease in local pressure. This interplay between
reflected waves and dissipative forces leads to the formation of negative pressure zones,
which can significantly influence various meteorological and environmental conditions.

3.4. Pressure for Different Radii of Submerged Shell Dike

Investigations of pressure for different radii of submerged shell dike show that all
cases follow similar patterns. Taking wave heights of 0.21 m as an example, the different
radii of the submerged shell dikes (R3, R6, R9, R18) affect the pressure at four measurement
points (P1, P3, P5, P7), as shown in Figure 9.

 

Figure 9. For the impact of hs = 0.21, the different radii of the shell reef affect the pressure at the four
measurement points: (a) represents point P1, (b) represents point P3, (c) represents point P5, and
(d) represents point P7.
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P1 is located at the toe of the slope, close to the point of wave impact, and thus
experiences the greatest impact. Under different reef radii, the pressure trends are similar,
with the maximum value occurring around 8 s, peaking near 3000 kPa. Smaller radii
(R3, R6) generate slightly higher pressures compared to larger radii (R9, R18), indicating
that a larger reef radius can dissipate wave energy slightly better. However, the influence
of reef radius at P1 is relatively limited, as the wave impact remains strong at this point.

P3 is located in the middle of the slope, where the pressure is significantly lower
than at P1, but still notable. The pressure at P3 is slightly lower than at P1, reflecting the
attenuation of wave energy during its transmission.

P5 is located higher up on the slope, where the pressure is significantly lower, with
peak values around 1500 kPa. The wave impact at this location is relatively minor, and the
effect of the reef radius on wave energy dissipation is not as pronounced as at the toe of
the slope.

P7, positioned at the top of the slope, experiences the least wave impact, with pressure
values below 100 kPa.

4. Discussion

4.1. Dimensional Analysis for Broken Wave Pressures on Breakwater

As illustrated in Section 3, the broken wave pressures exerted on breakwater depend
on the following parameters: (1) the height of the breakwater h; (2) the broken wave height
hs; (3) the radius of the submerged shell dike R; (4) the density of water ρ; and (5) the
gravity acceleration g.

In this study, the key variables are the approaching broken wave characteristics (hs)
and the breakwater and submerged shell dike geometry (h, R), while the water properties
(ρ, g) were constant. To normalize the variables, the pressure exerted on the breakwater
is divided by the hydrostatic pressure (ρghs). In addition, as the pressure exerted on the
breakwater decreases with the increase in the radius of the submerged shell dike, the
nondimensional parameters (R/h) and (hs/R) were used.

4.2. Estimating Pressure Coefficient

A best-fit curve has been found for each curve in Figure 10. Taking P0 as an example,
the equations for the best-fit curve for each data set in Figure 10a have the following form:

P0

ρghs
= a ∗ ln

(
R
h

)
+ b (4)

where a and b are undetermined coefficients. Denoting c = eb/a, Equation (4) can be
expressed as follows:

P0

ρghs
= a ∗ ln

(
R
h
∗ c
)

(5)

where a and c are coefficients, which depend on (R/h). From the experimental data fitting,
the following empirical equations were obtained:

a = 2248.9
(

R
h

)
+ 685.74 (6)

c = 3.6879
(

R
h

)
+ 1.4899 (7)
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Figure 10. The relationship between the pressure coefficients and normalized broken wave height:
(a) is the pressure coefficient of P0, (b) is the pressure coefficient of P1, (c) is the pressure coefficient of
P2, (d) is the pressure coefficient of P3, (e) is the pressure coefficient of P4, (f) is the pressure coefficient
of P5, (g) is the pressure coefficient of P6, and (h) is the pressure coefficient of P7.

Combining Equations (5)–(7) gives:

P0

ρghs
= (2248.9

R
h
+ 685.74) ln[

R
h

∗ (3.6879
R
h
+ 1.4899)] (8)
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Therefore, pressure can be expressed as follows:

P0 = ρghs(2248.9
R
h
+ 685.74) ln[

R
h

∗ (3.6879
R
h
+ 1.4899)] (9)

Similar to Equation (9), other points can be expressed by experimental data as follows:

P1 = ρghs(2340
R
h
+ 1026.1) ln[

R
h

∗ (3.4775
R
h
+ 0.3651)] (10)

P2 = ρghs(2676.2
R
h
+ 1274.3) ln[

R
h

∗ (2.9312
R
h
+ 0.1618)] (11)

P3 = ρghs(2569.9
R
h
+ 1223.8) ln[

R
h

∗ (2.9855
R
h
+ 0.1624)] (12)

P4 = ρghs(1959.6
R
h
+ 1364.1) ln[

R
h

∗ (3.144
R
h
+ 0.1442)] (13)

P5 = ρghs(256.87
R
h
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R
h

∗ (2.8267
R
h
+ 0.0277)] (14)

P6 = ρghs(1712.5
R
h
+ 1886.1) ln[

R
h

∗ (2.265
R
h
+ 0.0251)] (15)

P7 = ρghs

(
−1823.4

R
h
+ 2102.5

)
ln[

R
h

∗ (2.1852
R
h
− 0.0076)] (16)

It should be noted that Equations (9)–(16) share the same form, but the coefficients
vary depending on the position of the point. In this study, the ranges of the present data
are limited to 0.89 ≤ hs/R ≤ 8.3 and 0.065 ≤ R/h ≤ 0.391.

5. Summaries and Conclusions

Through comparisons with physical experiments, the numerical model accurately
reproduces the main characteristics of broken waves, including the rapid increase in wave
height and gradual stabilization during wave propagation. The validation error of the
numerical model does not exceed 5.6%, confirming its reliability for simulating broken
waves in this numerical flume. The temporal pressure profiles of breaking waves at various
sections of the breakwater reveal that peak pressures decrease as wave height lessens and
the radius of the submerged shell dike increases. Dimensional analysis established relation-
ships between broken wave pressures and dimensionless parameters, such as wave height,
breakwater height, and the radius of the submerged shell dike. This research introduces
predictive equations for estimating pressures at different points on the breakwater after
wave mitigation by the submerged shell dike. These equations account for reduced wave
height, the radius of the submerged shell dike, and the height of the breakwater, offering a
practical tool for coastal defense planning.
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Abstract

Many studies have been conducted on wave and sediment movement with submerged
dikes. However, the effect of a submerged dike’s height and orientation on hydrodynamics
has not been thoroughly examined from the perspective of the marine ecology impact. This
paper employs a two-dimensional numerical model to investigate effects of submerged dike
height and orientation on flow, specifically flow velocity and cross-dike flux. The findings
indicate that the most significant velocity variation occurs at a distance of approximately
one-fifth of the dike length (0.2 L) from the dike head, when the flow is perpendicular to
the dike and parallel to the coastline. And this area as the submerged dike’s protection
zone will have the least impact on the surrounding environment. The change pattern of
the flow velocity with the distance apart from the submerged dike varies for different
submerged dike heights. A submerged dike height of 0.7 times the water depth (0.7 H)
is a dividing value. Additionally, as the orientation angle increases, the cross-dike flux
rises. From the perspective of the impact on the marine ecological environment, the design
angle of the submerged dike should be as small as possible. The findings establish a
theoretical hydrodynamic basis that may support future integrated studies on coastal
zone management.

Keywords: submerged dike; height; orientation; flow velocity; flux across submerged dike;
property of flow field

1. Introduction

Dikes, including emerged dikes and submerged dikes, are a kind of hydraulic structure
that has long been employed to damp waves, redirect flows, safeguard coastlines, adjust
water depth, and build local deposition [1]. Consequently, dikes are crucial and extensively
implemented coastal engineering projects. Dikes are usually constructed at an angle to the
coastline to redirect flow [2].

Many relevant investigations are focusing on emerged dikes. Emerged dike obstruc-
tion leads to a multidimensional turbulent flow pattern close to the structure, causing
localized regions of steep velocity changes and sediment transport [3]. Weitbrecht et al. in-
dicated that mass and momentum exchange occur in the vicinity of emerged dike heads [4].
J. W. et al. [5] described the analysis of 10 years of measurements together with a recently
measured storm that included wave overtopping. Tomohiro Suzuki [6] showed that the
vertical wall induces seaward velocity on the dike, which might be an extra risk during
extreme events. Beji and Battjes [7] applied nonlinear shallow-water wave theories to
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investigate the transformation of periodic waves passing over a dike. Previous studies have
revealed that the surrounding flow region can be split into three distinct zones [8]. Chen
et al. [9] categorized the three zones concerning the dike length, defining them as Y = 2/3 L
for the Dike Field Zone (DFZ), Y = 4/3 L for the Momentum Exchange Zone (MEZ), and
Y = 3 L for the (Main-Stream Zone) MSZ (where Y is the channel bund width and L is the
dike length). Sujantoko et al. [10] present a two-dimensional numerical analysis of the hy-
drodynamic performance of a submerged dike, focusing on the effects of slope and porosity
on wave transmission and reflection. Ikha Magdalena and Owen Nathanael [11] introduce
a mathematical model and demonstrate that submerged porous breakwaters effectively
mitigate shoaling effects by attenuating wave amplitudes and reducing resonance risks.

Meanwhile, there are some studies on wave and sediment movement with submerged
dikes. Harmonic generation past a submerged porous dike has been studied by experi-
ments [12]. Altomare et al. [13] introduced a new “equivalent slope” concept to estimate
average wave overtopping discharges on sea dikes with shallow and very shallow fore-
shores. Tsal et al. [14] studied the wave reflection coefficient of the submerged dike and the
attenuation coefficient of wave energy by experiment. Sharifahmandian and Simons [15]
published a numerical model that could predict the wave transmission coefficient in sub-
merged dike space under regular waves in shallow water. Based on the RBF method, the
model can accurately simulate wave motion near a submerged dike. Chen et al. [16] showed
that the wave profile may become more asymmetrical when the wave propagates over the
breakwater. Chai et al. [17] employed a 3D numerical model to investigate how dike shape
and height affect sediment transport. Their results demonstrated that a narrower hexagonal
dike outperforms rectangular designs, and suspended sediment concentration could be
reduced by 30% when the height of dike varied from 0.3 m to 0.5 m. In a complementary
study, Pang et al. [18] conducted flume experiments examining mud flotation at various
dike elevations, fluid mud thickness variations, channel siltation, and sediment deposition
upstream of submerged dikes. Their findings revealed that optimal sedimentation effects
occur when the submerged dike height-to-depth ratio ranges from 0.2 to 0.5.

Compared with emerged dikes, submerged dikes have the advantages of requiring
little engineering work and less investment, and having reduced impacts on the marine
ecological environment. With the popularization of the national ecological civilization
strategy, more ecologically friendly submerged dikes have attracted more and more atten-
tion. It is necessary to analyze the hydrodynamic characteristics of submerged dikes from
the perspective of marine ecology impact. Therefore, studying the hydrodynamics near
submerged dikes will have engineering and ecological significance. Studies of the current
features around submerged dikes are usually based on specific projects. Xu et al. [19] stud-
ied the spatial–temporal variation characteristics of current velocity in the south dike of the
Yangtze Estuary by using FVCOM, calculated the cross-dike flux, and analyzed the current
change past the dike before and after the engineering. Li [20] studied the hydrodynamic
environmental impact of the East China Sea Dike on Zhanjiang Bay, showing that the dike
reduced current velocity and that the tidal prism decreased by 21% or more in the bay.

A physical model can only be tested under a specific similarity ratio, making it
impractical to cover all possible conditions. It is difficult to fit a submerged dike’s height in
physical models. With the rapid development of computer modeling, numerical simulation
has become an effective research method. Using a two-dimensional numerical model, this
paper analyzes hydrodynamic characteristics, including the flow velocity and the cross-
dike flux, under different heights and orientations of a submerged dike. It can provide a
basis for the study of submerged dike hydrodynamics, submerged dike design, and coastal
zone ecological restoration.
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2. Materials and Methods

This paper uses MIKE21 FM (MIKE ZeroRelease 2014, Service Pack 3), which is
developed by DHI Water & Environment, to simulate numerical models. MIKE21 FM uses
a cell-centered finite-volume method to fit complicated terrain well and ensure material
flux conservation with high speed. It can forecast water level change and flow under
different driving forces by solving continuity and momentum equations to calculate the
water level at different times and the velocity of each grid point. Related research [21,22]
on submerged dikes has proved the applicability of MIKE.

The research focuses on the large-scale, horizontal redistribution of flow and the
calculation of bulk cross-dike flux, for which depth-averaged dynamics are dominant. The
use of a 2D model allows for a computationally efficient exploration of the parameter space
(dike height and orientation) while isolating their first-order effects from the complexities of
three-dimensional turbulence. This approach is well-established for investigating coastline-
scale hydrodynamics around submerged structures and provides a critical baseline for
understanding primary flow patterns.

2.1. Governing Equations

This paper employs two-dimensional incompressible Reynolds-depth-averaged
shallow-water equations. The basic equations in this model are as follows.

Mass conservation equation:
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where ζ indicates the surface elevation; h indicates the depth of water; H indicates the
total depth; H = ζ + h; u and v are velocity components in the x and y directions; g
is the gravitational acceleration, g = 9.81 m/s2; f is the parameter of the Carioles force
( f = 2ωsin ϕ, ω is rotational angular velocity of the earth, ϕ is engineering sea latitude);
Cz is the Chezy resistance; Cz =

1
n H

1
6 ; εx and εy are horizontal eddy viscosity coefficients of

components in the x and y directions; and t indicates time. Figure 1 is a schematic diagram
of the mass conservation equation.

 

Figure 1. Diagram of mass conservation equation.
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The model assumes water is incompressible, which is valid for all practical hydraulic
and coastal engineering applications where Mach number Ma << 0.3. The model assumes
that the horizontal scales of motion are much greater than the water depth, neglecting
vertical acceleration effects.

This 2D approach cannot capture 3D flow structures, particularly strong vertical
separation and secondary currents in the dike wake region. The hydrostatic assumption
may introduce errors in regions of rapidly varying bathymetry.

2.2. Initial Conditions {
ζ(x, y, t)|t=t0 = ζ(x, y, t0) = 0

u(x, y, t)|t=t0 = v(x, y, t)|t=t0 = 0
(4)

where t0 indicates the initial time.

2.3. Boundary Conditions

The closed-boundary normal-direction velocity is zero,
→
V·→n = 0.

2.4. Open Boundaries

The open-boundary-condition velocity is 1 m/s constantly. The direction of flow is
from left to right.

2.5. Other Conditions

The Manning is normally 0.02.
This article employs an idealized case study. To reduce the grid scale effect, the domain

is a 20,000 m long and 10,000 m wide rectangular channel with a constant water depth of
10 m. This simulates a large submerged dike about 2500 m long and 700 m wide. The water
depth (represented by H) is set as a vertical length unit, and the length of the submerged
dike (represented by L) is set as a horizontal length unit.

The model terrain diagram is shown in Figure 2.

Figure 2. Model terrain schematic.

In this paper, the experimental data presented by Iqbal and Tanaka [23] are used to
validate the numerical model. At the same time, the error relative to the measured current
value is calculated, and the Brier Skill Score (BSS) is 0.91. BSS is an empirical coefficient
that relates to the variance between the measured data and the model results. A BSS close
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to 1 indicates that the simulation performance of the model is good, and a BSS close to 0
indicates that the fitting result is poor, and the model cannot be used for calculation.

BSS = 1 − Var(c − m)

Var(m)
(5)

where m is the measured value and c is the calculated value of the model.
Although the model does not accurately simulate the variation rule, the overall trend

is consistent, and the statistical error analysis results are reasonable (Figure 3).

 

Figure 3. Comparison between numerical and experimental results.

2.6. Schemes Setup

The numerical modeling conditions were designed to be idealized in order to iso-
late the fundamental effects of dike height and orientation. A rectangular channel with
constant depth and a steady, uniform inflow velocity was employed. This approach elim-
inates confounding factors from complex bathymetry and unsteady flow, allowing for a
clear attribution of the observed hydrodynamic patterns to the dike parameters under
investigation. While this setup does not replicate a specific field site, it represents a canoni-
cal scenario for studying current–structure interaction, similar to methodologies used in
foundational studies.

2.6.1. Schemes of Different Heights

To study the characteristics of a submerged dike in terms of dynamics, this paper sets
up 10 groups with different heights. The dike heights are set to 0.1 H, 0.2 H, 0.3 H, 0.4 H,
0.5 H, 0.6 H, 0.7 H, 0.8 H, 0.9 H, and 1 H. The upper and lower boundaries of the model are
land boundaries, and the left and right boundaries are water boundaries. The boundary
conditions are 1 m/s, and the model maintains a constant flow of 1 m/s.

2.6.2. Schemes of Different Orientations

To study the influence of submerged dike orientation on hydrodynamics, this paper
sets up 7 groups of different orientations. The length and width of the submerged em-
bankment are the same as those in the aforementioned plan, and the water depth is also
the same. The flow direction, which is from due east to west, is defined as a reference.
Then, the submerged dikes’ orientations—the angles between their center lines and the
flow direction— are set at 30◦, 45◦, 60◦, 90◦, 120◦, 135◦, and 150◦. The boundary conditions
of this plan are also consistent with those of the aforementioned plan.
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3. Results

3.1. Hydrodynamic Characteristics for Different Submerged Dike Heights
3.1.1. Flow Velocity Distribution for Different Submerged Dike Heights

1. Distance–velocity distribution

From the flow velocity contour map (Figure 4), it can be seen that the velocity contour
map is slightly rounded at the dike head, slightly straight at the tail, and looks quarter-
round. With the decrease in the contour value, the contour gathers at the dike head. This
indicates that the velocity changes most dramatically near the head of the submerged dike.
The velocity at about 0.2 L from the dike head shows the most significant change along
the flow direction. Therefore, we analyzed the decay of flow velocity with distance for
different submerged dike heights by studying the velocity at a line located about 0.2 L from
the dike head, when the orientation angle of submerged dike is 90◦.

Figure 4. Flow velocity contour map (Flow direction: from left to right).

2. Flow velocity variation with distance for different dike heights

The separate flow zones are different in every case, depending on the height of
submerged dike. To reflect the velocity variation with distance for different dike heights,
the velocity along the line of 0.2 L distance from the submerged dike was selected to study
the velocity law. Figure 5 shows that the flow velocity in general decreases rapidly at a
distance of about one-tenth of L. Then, as the distance increases, the flow velocity continues
to recover to its original velocity, and finally becomes stabilized. A submerged dike height
of 0.7 H is a dividing value. When the submerged dike’s height is shorter than or equal to
0.7 H, flow velocity recovery is substantially proportional to distance. While the distance
increases, the flow velocity increases. When the height of the submerged dike is higher
than 0.7 H, the velocity is invariant or changes little from a distance of about one-tenth
of L to half of L. The velocity quickly recovers at distances further than half of L. In all
schemes, the velocity recovers to 85 percent of the initial flow velocity at a distance of one
dike length, but the velocity values with different dike heights are slightly different.

3.1.2. Flux Characteristics for Different Submerged Dike Heights

To study the hydrodynamics of submerged dikes with different heights, the average
velocity across submerged dikes is reflected by the flux across the center line of the sub-
merged dikes. Figure 6 shows that the flux is reduced as the height of the submerged dike
increases. When the relative height of the submerged dike is between 0.5 H and 1 H, the
relationship between cross-dike flux and the relative height of the submerged dike is linear.
When the relative height is less than 0.5 H, the cross-dike flux decreases slowly.
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Figure 5. Flow velocity variation with distance for different submerged dike heights.

 
Figure 6. Flux across submerged dike of different heights.

3.2. Hydrodynamic Characteristics Under Different Submerged Dike Orientations
3.2.1. Flow Velocity Distribution Under Different Submerged Dike Orientations

Figure 7 shows that the laws of velocity distribution can be divided into three cate-
gories by the angle between the submerged dike and the flow direction. The first category
is acute angles. The flow velocity decreases on the backside of the submerged dike and
the front side of the dike foot, and increases on the face of the submerged dike and the
front of the dike head. As the angle increases, the area of flow velocity decrease becomes
larger, and the area of flow velocity increase becomes smaller. The second category is a
right angle. In this circumstance, the flow velocity decreases on the backside and front side
of the submerged dike, and increases on the face of the submerged dike and the front of
the dike head. Thirdly are obtuse angles. In these cases, the flow velocity decreases on
the frontier of the submerged dike head and the backside of the submerged dike foot, and
increases on the dike, the front of the dike foot, and the backside of the dike head. With
an increase in angle, the area of flow velocity decrease becomes smaller. In addition, it is
easily discovered that with a decrease in angle, the range and the degree of flow velocity
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decrease become smaller and lower. This means that submerged dikes with smaller angles
have lower influence on flow fields.

  

  

 

Figure 7. Flow velocity distribution for different submerged dike orientations (flow direction: from
left to right).

3.2.2. Flux Characteristics Under Different Submerged Dike Orientations

As depicted in Figure 8, the cross-dike flux increases with angle. Because the flow
direction follows the submerged dike orientation, the blocking effect of the submerged dike
is tiny. In orientations with acute angles, the cross-dike flux changes little. A smooth linear
relationship is present when the angle is less than 60◦. If the angle is more than 60◦, the
flux increases sharply with angle.
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Figure 8. Flux under different submerged dike orientations.

4. Discussion

The fundamental ecological premise of this study is that structures which minimize
alterations to natural flow patterns generally have lower environmental impacts. Reduced
velocity changes and maintained cross-dike flux help preserve natural sediment transport
regimes, nutrient distribution, and habitat connectivity—all critical factors for ecosystem
health. Macroinvertebrate abundance and diversity both generally declined in response to
alteration inflow magnitude, whether an increase or a decline [24].

In general, when a submerged dike is perpendicular to the coastline and the flow
direction is parallel to the coastline, owing to the presence of the submerged dike, the
flow velocity increases on the dike’s head side and decreases on the dike’s tail side. The
velocity at about 0.2 L from the dike head shows the most significant change along the
flow direction. The velocity on the dike’s head side increases because the water section
along the dike reduces, and the velocity of all the water tries to keep its original state. The
velocity on the dike’s tail side decreases because the water along the dike is hindered by
the dike. The range of the flow velocity variation is concentrated in the area of 2 L.

4.1. Influence of Submerged Dike Height on Flow Velocity and Flux

The velocity distribution law for different dike heights can be used to adjust the marine
hydrodynamic impact. According to the result shown in Figure 4, if the height is below
0.7 H, a location velocity can be predicted by the empirical formula: y = ax + b (a is the
slope). Thus, the initial height of the dike can be confirmed from the perspective of the flow
velocity. In this paper, the relationship between relative height and slope is summarized in
Table 1.

Table 1. The relationship of relative height and slope.

Relative Height 0.6 H 0.5 H 0.4 H 0.3 H 0.2 H 0.1 H

Slope (a) 4.36 2.64 1.58 0.90 0.47 0.18

When the dike orientation is perpendicular to the coastline, the flux is reduced as the
height of the submerged dike increases. The changing of the cross-dike flux of different
dike heights can be divided into two types: basically unchanged (dike height < 0.5 H) and
linear change (dike height > 0.5 H). It may be the following reasons. When the relative
height of the submerged dike is small (less than 0.5 H), as the height of the submerged
dike increases, the area of water across the submerged dike is reduced, but the velocity is
increased. These two changes cause the flux to decrease slowly. However, when the relative
height of the submerged dike is high (greater than 0.5 H), as the height of the submerged
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dike increases, the area of the water across the submerged dike is reduced. It becomes a
decisive factor and causes the cross-dike flux to linearly decrease as the height increases.

To preserve natural flow patterns, considering the effect of the submerged dike height,
the submerged dike height should be designed below the critical relative height of 0.7 H.
This ensures the flow regime remains in a “low-disturbance” state, which is fundamental
for protecting in situ benthic communities and natural sediment dynamics. Considering
the influence on cross-dike flux, it is recommended to limit the submerged dike height to
below 0.5 H.

4.2. Influence of Submerged Dike Orientation on Flow Velocity and Flux

The laws of velocity distribution can be divided into three categories: the acute angle,
the right angle, and the obtuse angle law. For the first category, the submerged dike
orientation is nearly the same as the flow direction. The flow velocity on the frontier of the
dike head increases because of the dike’s deflecting flow effect. The flow velocity on the
submerged dike increases because the area of water across the submerged dike becomes
small. The flow velocity on the backside of the submerged dike and the front side of the
dike foot decreases because of the blocking effect of the submerged dike. For the second
category, the submerged dike is perpendicular to the flow direction. The flow velocity on
the backside and front side of the submerged dike decreases because of the blocking effect
of the submerged dike. The flow velocity on the submerged dike also increases because
the area of water across the submerged dike becomes small. For the third category, the
orientation of the submerged dike is opposite to the flow direction, and they are shaped
like a horn mouth. The flow is adjusted by the orientation and gathers in front of the dike’s
foot. This makes the velocity increase. The flow velocity on the submerged dike increases
because the area of water flowing across the submerged dike becomes small. The flow
velocity on the backside of the submerged dike decreases because of the blocking effect of
the submerged dike.

To achieve an optimal compromise between moderating flow velocity variations
and preserving ecological connectivity, the orientation of the submerged dike should be
constrained to angles under 60◦ relative to the primary current direction. If maximizing
cross-dike flux is a project objective, an orientation angle greater than 90◦ is recommended.

5. Conclusions

A numerical model is set up using MIKE 21 FM to analyze the hydrodynamical
behaviors of a submerged dike. A series of model tests have been conducted to study the
variation characteristics of the flow velocity and the cross-dike flux under certain conditions.
The flow patterns are different in each case, depending on the height and orientation of
the dike. Therefore, the height and orientation must be considered during the design
of a submerged dike. According to our simulated results, the following conclusions can
be obtained.

The velocity at a distance of about 0.2 L from the head of the dike shows the most
significant change along the flow direction, which is perpendicular to the dike and parallel
to the coastline. The range of flow velocity variation is concentrated in the area of 2 L.

In every different height condition, the flow velocity decreases rapidly at a distance of
0.1 L. Then, as distance increases, the flow velocity continues to recover. The relative dike
height of 0.7 H marks a clear division beyond which the flow velocity exhibits a distinct
decay pattern with distance compared to all other heights.

The cross-dike flux is reduced as the height of the submerged dike increases. When
the relative height of the submerged dike varies from 0.5 H to 1 H, the relationship between
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the flux and the relative height of the submerged dike is linear. When the relative height is
less than 0.5 H, the flux across the submerged decreases very slowly.

Under different orientation conditions, the laws of velocity distribution can be divided
into three categories by the angle between the dike and the flow direction. And cross-dike
flux increases as the angle increases.

For ecological restoration projects that aim to minimize hydrodynamic disturbance,
a relative dike height lower than 0.7 H and an orientation angle smaller than 60◦ are
preferable under steady current conditions similar to this study.

While recognizing that real-world submerged structures exhibit complex geometries
and porosity, this study intentionally employs a simplified, impermeable, rectangular
dike section. This fundamental approach is adopted to isolate the first-order hydrody-
namic effects of dike height and orientation, free from the confounding influences of other
parameters. Establishing this theoretical baseline is a critical first step in developing a com-
prehensive understanding. It provides a foundation for the future systematic evaluation of
additional complexities, such as slope, porosity, and surface roughness.
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Abstract: Horizontal directional drilling (HDD) can be utilized in a submarine cable landing
operation to solve the problems of a deficient buried depth and a limited route. In this study,
a numerical model of the pullback process of a submarine cable using HDD technology is
established based on the commercial finite element method platform OrcaFlex 11.3, which
is validated using the in situ measured data of an HDD operation project for a pipeline.
The effects of the crossing length, incident angle, and pullback velocity of the cable on the
effective tension in the cable are investigated and analyzed. The results indicate that an
increase in the crossing length and incident angle can significantly enhance the tension in
the cable. Under the specific conditions in the Zhoushan islands, the maximum crossing
length and incident angle are 1700 m and 35◦, respectively. The pullback velocity has a
minor influence on the tension in the cable, and an extremely large velocity might lock
the cable during its pullback operation. The permissible values derived in this study can
provide valuable information to similar engineering cases and projects.

Keywords: submarine cable; laying operation; horizontal directional drilling; pullback;
tension in the cable

1. Introduction

During the landing processes of submarine cable laying constructions, the traditional
methodology is to trench the underwater groove on the seabed, locate the cable routing,
release the supporting floaters, and bury the cable in the groove [1,2]. The contradictions
between the increased construction volume during cable laying and the space limitations at
the landing points have recently become more significant [3]. The cable landing route plan
and construction are more difficult because space resources are becoming more limited, and
the ecological conservation redline proposes more requirements [4]. On the other hand, the
trenching construction and protection methodology during cable landing always causes an
insufficient burying depth and inadequate protection, resulting in the exposure of buried
cables on the shoaling beach [5–7]. In addition, submarine cables are always damaged
by external impacts, such as ship anchors, in shallow water [8,9]. Therefore, the landing
section has been the weak point of the entire submarine cable.

Horizontal directional drilling (HDD) is a popular non-trenching methodology for
cable laying, which can drill and expand the pipeline following the planned route, connect
the drawing head at the endpoint, and drag the cable to the starting point to accomplish the
cable laying [10]. Compared to the traditional trenching methodology, HDD has significant
advantages, including fewer environmental impacts [11], a large construction range, good
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adaptability, and a sufficient burying depth and length [12,13]. HDD has been employed
in different projects, such as the pipeline landing construction project in Yacheng [14], the
pipeline landing project in the South China Sea [15], the cable landing project in San Nicolas
Island in California [16], and the cable landing project in Biscayne Bay [17].

During the landing process, the submarine cables can be affected by many factors,
resulting in different varying trends of the cable profile and tension distribution. These
trends might cause the drags to exceed the permissible stress and possible mechanical
damage, which will affect the serviceability of the cable [18]. Yoshizawa and Yabuta studied
the cable variation during the laying process [19] and found that the bottom tension of the
cable was determined mainly by the laying vessel and the water depth. The bottom tension
increases as the water depth decreases and the vessel speed increases. Nagatomi et al. used
the concentrated mass method to calculate the motion and force of the submarine cable and
compared the computational results with the on-site measuring data [20]. Prpić-Oršić and
Nabergoj reported a numerical model for predicting the motion and tension of the cable
during the laying process under rough sea conditions [21] and found that significant tension
variations could be observed at the deployment point under the conditions of higher wave
frequencies, heavier cables, and deeper waters. Zhang and Hu proposed that the tension
should be the control variable during the laying operation of the submarine cable [22].

Yang et al. investigated tensions in the cable during the laying operation and found
that the tension varies linearly with the water depth and reaches its peak at the laying
wheel point [23]. Feng et al. established a three-dimensional (3D) finite element method
(FEM) cable model and studied the dynamic properties of the submarine cable under the
wave impacts [24]. Zhang et al. simplified the submarine cable and employed a lumped
mass method to analyze the dynamic characteristics of the cable during its laying process,
validated using experimental data [25]. Chang et al. conducted numerical simulations
on the dynamic responses of a submarine cable under coupled tensile, torsional, and
compressive loads and found that coupled loads acting on the cable could be reduced to
40% of the total when the water depth was greater than 4000 m [26]. Sun et al. reported
that the moving velocity of the cable-laying vessel, the releasing velocity of the cable, and
the cross-sectional diameter of the cable significantly influenced the tension distributions in
the cable [27]. Okkerstrøm established a numerical model using the commercial software
OrcaFlex based on the finite element method and found that the cable weight had a
significant effect on the peak tension, which should be considered during the design of the
cable armor [28]. Kuang et al. studied the influences of the cable length, current velocity,
incident waves, and wind direction on the tensions in a cable during the laying process
and reported that the floating cable with floaters for smaller lengths could be considered a
mooring line for the vessel, which could significantly enhance the tension in the cable [29].
Shen et al. analyzed the effects of the burial depth on the tension in a submarine cable [30].
The results indicated that the peak tension in the submarine cable, appearing at the laying
wheel point of the cable-laying vessel, increases linearly with an increase in the burial depth.
Peres et al. analyzed the influences of the cable mass, laying length, and environmental
conditions on the kinematic and dynamic responses of a submarine cable and found that the
cable mass plays a dominant role [31]. In addition, a strong correlation between the chute
vertical downward velocity and compression on the touchdown point can be observed.

For HDD applications in cable installation, Li et al. proposed that the trade-off between
the friction resistance and allowable traction force remains a key constraint in long-distance
laying [32]. Khasanov et al. reported a modified calculation method to analyze the tension
in the pipeline during HDD operations and enhanced the calculation precision for practical
applications [33]. Faghih et al. found the height variation of the downhole has significant
influences on the stress and strain in the pipeline by analyzing the field-measured tensions in
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the pipeline during HDD operation [34]. Guo and Liang numerically investigated cable ten-
sion dynamics during pullback operations [35], identifying linear tension variation patterns
along the curved borehole trajectory and peak tension occurrences during the final pullback
phases. Based on the domestic codes and previous engineering cases, Tang et al. systemati-
cally evaluated cable pull force safety parameters through regulatory compliance analysis
and empirical case studies [36], demonstrating that an enhanced conductor cross-sectional
area correlates with elevated safety factors under equivalent weight conditions. Utilizing AN-
SYS Workbench simulations, Vasilescu and Dinu conducted a parametric analysis of pipeline
pullback mechanics [37], establishing a parametric sensitivity hierarchy (descending order)
for pipeline stress: diameter, wall thickness, internal pressure, drilling fluid density, and
burial depth. Through multi-phase analysis of stepped borehole crossing projects, Liang et al.
characterized tension evolution patterns during various installation stages, subsequently
refining the computational model for the HDD pullback force [38]. Zheng numerically
examined force distributions in HDD pipelines using field monitoring data, verifying an
inverse proportionality between the bend section tensions and curvature radii [39].

The literature review indicates that previous studies predominantly concentrated on
cable tension mechanics and cable–vessel interactions in conventional laying configurations.
For HDD-assisted cable installations, the existing findings primarily stem from analytical
and numerical approaches assuming elevation parity between pullback termini. In con-
trast, HDD-enabled submarine cable landing operations involve complicated engineering
challenges during extended pullback processes with significant elevation differentials, in-
cluding pull force optimization, cable–pipe friction management, and tension distribution
across variable curved segments. These operational complexities underscore persistent
challenges in ensuring cable integrity during pipeline transitions. This study employed
a representative Chinese HDD case study to establish numerical simulation parameters
for cable pullback dynamics with particular emphasis on tension fluctuations at critical
connection nodes. A comparative analysis of the curvature gradients, crossing distances,
and pullback velocities against submarine cable specifications provides a systematic evalu-
ation of the tension development mechanisms, delivering crucial insights for engineering
design optimization.

2. Problem Description

This investigation derives from an actual offshore construction project implemented
in the Zhoushan Archipelago, Zhejiang, China. The submarine cable installation was
completed using HDD methodology. The pullback operation of the cable through the
HDD pipeline is depicted in Figure 1. The analysis presumes that the HDD pipeline was
successfully constructed for submarine cable landing, with its geometric configuration
remaining unchanged. The entry point was situated onshore at 120.0 m from the initiation
point of the pipeline horizontal segment, elevated 10.0 m above the mean water level. The
seabed topography exhibited a planar configuration with a constant water depth of 10.0 m.
The horizontal span between the entry and exit points is designated as LH, termed the
crossing length. The vertical elevation and horizontal span of the burial pipeline segment
are defined as HB and LHB, respectively. The entry angle of the pipeline at the terrestrial
interface is denoted by ϕ.

The guidance wire entered the pre-drilled pipeline from the entry point, traversed the
pipeline, and emerged at the exit point for integration with the cable through a dedicated
coupling mechanism. The synchronized retrieval of both the guidance wire and cable
maintained a constant velocity throughout the pipeline. During initial deployment, the
cable-laying vessel dispensed the cable via the sheave assembly at a velocity marginally
exceeding the pulling velocity νpull, ensuring the controlled accumulation of cable slack
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beyond the exit point. In subsequent phases, the dispensing rate achieved parity with the
pulling velocity. The ambient hydrodynamic conditions in the operational zone exhibited
minimal wave–current activity, exerting negligible influence on the cable installation.
Given sufficient residual cable length beyond the exit point, vessel maneuvering dynamics
also demonstrated an insignificant impact on the traction process. Consequently, this
study excluded analytical consideration of environmental hydrodynamic forces and vessel
operational kinematics.

Figure 1. Schematic of the submarine cable in the HDD pipeline.

The submarine transmission line implemented in this investigation constitutes a stan-
dard tri-axial optoelectronic composite cable, with material specifications as systematically
tabulated in Table 1. The predominant materials for protective conduit systems comprise
seamless steel tubing and high-density polyethylene (HDPE). Steel conduits exhibit supe-
rior structural rigidity and deep-water operational capability, albeit necessitating advanced
welding methodologies. HDPE systems provide enhanced hermetic sealing and corro-
sion resilience, combined with cost-efficient installation and accelerated project timelines.
Notable constraints of HDPE include the reduced tensile capacity and compromised load-
bearing stability. Following cost–benefit analysis, the HDPE configuration was selected
as the optimal solution. The material characteristics compliant with the domestic national
code are comprehensively detailed in Table 2 [40].

Table 1. Detailed parameters of the submarine cable.

Item Value (Unit) Item Value (Unit)

Outer diameter 199.2 mm Mass in the water 47.9 kg/m
Mass in the air 79.8 kg/m Permissible tension 171.7 kN
Axial stiffness 7.0 × 105 N/mm Bending stiffness 1.0 × 108 N/mm

Table 2. Detailed parameters of the PE pipe.

Item Value (Unit) Item Value (Unit)

Classification PE 100 Density 910.0 kg/m3

Outer diameter 355.0 mm Single section length 12.0 m
Thickness 13.6 mm Friction coefficient with the cable 0.35

Axial stiffness 1.3 × 104 N/mm Bending stiffness 2.6 × 1011 N·mm2

3. Numerical Model

3.1. Fundamental Theory of FEM Cable Modeling

The frictional force computation in the numerical model was systematically formulated
using the modified Coulomb friction model [41], as graphically represented in Figure 2. A
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comparative analysis, as shown in Figure 2a, reveals that the standard Coulomb friction
model exhibits discontinuity in friction transition, whereas the modified formulation,
shown in Figure 2b, demonstrates a linear friction variation from −μR to +μR within the
critical displacement range [–Dcrit, +Dcrit]. The critical displacement threshold Dcrit is
mathematically expressed as follows:

Dcrit =
μR
ksa

, (1)

where μ denotes the friction coefficient and R the normal contact force; ks and a correspond
to the shear strength and contact surface area, respectively.

  
(a) (b) 

Figure 2. Variation mode change in the modified Coulomb friction model [36]. (a) Sudden change
mode; (b) linear change mode.

In the finite element formulation, the submarine cable is discretized into a series of
massless linear elements, as schematically illustrated in Figure 3. Each element configura-
tion comprises dual nodal components at its extremities, with dynamic properties (mass,
gravitational force, buoyancy, etc.) lumped at nodal points. This discretization scheme ef-
fectively represents the cable as interconnected nodal masses bridged by quasi-static beam
segments. The geometric configuration features half-beam segments adjoining each nodal
element, with terminal segments positioned at cable extremities. Mechanical connectivity
is achieved through coaxial elastic bars integrated with axial damping mechanisms and
torsional spring–damper assemblies, thereby enabling comprehensive characterization of
the torsional behavior.

Figure 3. Submarine cable in the FEM model [36].
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Stress distributions across discrete elements require systematic computation to de-
rive the global cable tension. Fundamental kinematic parameters must be preliminarily
determined, including the inter-nodal displacement within linear elements, their temporal
derivatives, and the orientation unit vector Sz along the inter-nodal axis. The mid-element
tensile force manifests as vectorial stress aligned with Sz, quantified by the effective tension
Te, mathematically defined as follows:

Te = Tw + (p0a0 − piai), (2)

where p0 and pi denote the external and internal hydrostatic pressures, respectively; a0 and
ai represent the external and internal stress-bearing areas, respectively; and Tw signifies the
circumferential wall tension. Given the linear axial stiffness characteristics, Tw is formulated
as follows:

Tw = EA · ε − 2ν(p0a0 − piai) + ktt
τ

l0
+ EA · c

dl
dt

1
l0

, (3)

where E indicates the effective Young’s modulus and A the cross-sectional area, constituting
the axial rigidity EA; l0 denotes the undeformed segment length; ν is the Poisson’s ratio;
ktt characterizes the tension–torsion coupling; τ quantifies the segment twist angle (in
radians); c embodies the viscous damping coefficient (s); dl/dt signifies the change rate of
the length; and ε expresses the total mean axial strain, operationally defined as follows:

ε =
l − λl0

λl0
, (4)

where l corresponds to the instantaneous segment length; λ indicates the expansion factor
of the segment.

In addition, the pullback force acting on the cable T is governed by the following:

T = T1 + Wk0L (5)

where T is subject to the mechanical constraint: T ≤ min {Fq, Ft}/γ0, where Fq denotes the
maximum tensile capacity at the cable termination, Ft the permissible operational stress,
and γ0 the safety factor; W represents the volumetric weight; k0 signifies the cable–PE
conduit friction coefficient; L indicates the safe pullback distance; and T1 corresponds to
the initial pre-tension in the cable. Given the presence of cable redundancy in this study, T1

was excluded from the pullback force computation.

3.2. Numerical Model Setup

The numerical model was established using the commercial FEM software OrcaFlex
11.3. The seabed profile was configured through the Seabed module, with the free sea
surface positioned at z = 0.0 m in the global coordinate system. Within this coordinate frame-
work, the onshore terrain and seabed elevation were, respectively, defined at z = +10.0 m
and z = −10.0 m. The initial positioning of the model components on the seabed interface
employed global coordinates, while the rope assemblies, connectors, and articulated cable
system were parameterized using local coordinate systems. The pipeline geometry was
specifically defined within the nodal references.

The pipeline system was modeled through the Homogeneous Pipeline Type module,
with PE material characteristics implemented via the dimensional parameters (diameter),
mass density, and stiffness properties. The Mid-line Connections module incorporates a
lumped mass formulation to specify critical physical attributes at discrete pipeline nodes,
including spatial coordinates, angular orientation, and arc-length parameters. These
definitions collectively characterize the burial depth, curvature profile, and horizontal
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span, ensuring numerical representation fidelity to actual pipeline behavior. The rope,
connector, and cable elements were simulated using the General Line Type module with
appropriate diameter specifications, stiffness parameters, and material definitions. Hinged
joint elements model the mechanical interaction during cable-pulling operations. The
section division and mesh generation were primarily determined by the curved section of
the pipeline. The section division should ensure the curved section is as smooth as possible
to avoid any penetration and non-physical oscillation during simulation. On the other
hand, the straight section can be set as long as possible to accelerate the simulation process.
Following the criterion ruled by the OrcaFlex, the straight section length was set at 10.0 m
and the curved section length at 5.0 m, ranging from 1/10 to 1/5 of the curvature radius.
From the trial simulations, it was found that the present section length setup balanced
calculation precision and cost.

For the contact mechanics between the PE pipeline and cable during the pullback
phases, the Penetration Contact algorithm within the Line Contact module was imple-
mented. The computational efficiency was optimized by abstracting the soil–pipeline
friction and mud viscous resistance into equivalent friction coefficients. The pullback
velocity was parameterized through the Payout Rate specification in the Feeding module.
A ramp function generator (Apply Ramp module) ensured smooth transition from static
equilibrium to dynamic operation, preventing numerical discontinuities during the initial
motion phases.

3.3. Numerical Model Validation

The Lanzhou–Zhengzhou–Changsha pipeline crossing project served as an engi-
neering case study to validate the numerical model’s capability in predicting the cable
tension during pullback operations [42]. The simulation results of the pipeline forces were
benchmarked against field measurements at representative monitoring locations. Key
engineering parameters for this validation are documented in Table 3.

Table 3. Detailed parameters of the engineering [42].

Item Value (Unit) Item Value (Unit)

Crossing length 1970.0 m Pipe specification Φ610 × 12.7 mm
Pipe length 2129.0 m Pipe material density 7850 kg/m3

Crossing depth 73.5 m Mud density 1200 kg/m3

Incident angle 16.0◦ Unearthed angle 14◦
Friction coefficient 0.3 Pipeline radius 0.65 m

Figure 4 presents a comparative analysis between the numerically predicted pullback
forces and the field-measured values. The data demonstrate satisfactory agreement be-
tween the simulations and measurements, with a maximum deviation of 9.8% observed
at monitoring point C. Notably, significant under-prediction occurs at point A near the
entry location. This discrepancy primarily stems from the geometric simplifications in the
numerical representation: the simulation modeled the pipeline as an idealized Line module
directly pulled through the channel, whereas the field conditions involved non-negligible
pipe–floor friction from seabed deployment. Despite these simplifications, the developed
model successfully replicated the directional drilling channel configurations and achieved
reasonable friction prediction accuracy during pullback simulation. This validation con-
firmed the model’s applicability for simulating submarine cable retrieval operations in
HDD channels.
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Figure 4. Comparison of the predicted and measured forces in the engineering project [42].

4. Results and Discussion

4.1. Effects of the Crossing Length on the Tension in the Cable

During pullback operations, the progressive increase in the crossing length LH extends
the contact interface between the cable and pipeline, consequently amplifying the frictional
resistance and modulating the tension dynamics. To systematically evaluate this relation-
ship, six LH values (600, 800, 1000, 1200, 1400, and 1600 m) were simulated under fixed
parameters: ϕ = 35◦ and νpull = 0.1 m/s. Figure 5 presents the temporal evolution of the
effective cable tension across varying LH. For any given LH, the pullback tension exhibits a
triphasic evolution.

 

Figure 5. Time histories of the effective tension in the cable for various crossing lengths.

Taking LH = 1600 m as an example, a non-zero tension manifests during the initial
stage (0–1000 s) due to pre-existing stress in the semi-submerged cable prior to pipeline
entry. This baseline tension undergoes gradual accumulation as the cable transitions from
a vessel-deployed suspended configuration to a seabed-contacting relaxed state via the
chock, a process accompanied by continuous marine deployment, as shown in Figure 6. The
tension increment arises from the geometric reconfiguration during this transitional phase.
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(a) (b) 

Figure 6. Different states of the cable during its pullback process. (a) Suspension state; (b) relaxed state.

During the intermediate stage (1000–14,000 s), the effective tension exhibits linear
escalation proportional to the cumulative frictional resistance along the straight pipeline
segment, arising from the uniformly distributed sliding contact between the cable and
conduit. The terminal phase (>14,000 s) demonstrates accelerated tension amplification
attributable to intensified curvature-derived friction, as the cable navigates the ascending
bend. Here, enhanced geometric constraints induce circumferential cable–pipe wall in-
teractions governed by material stiffness, superimposing the bending resistance onto the
baseline sliding friction. A tensile discontinuity occurs upon extraction completion, reflect-
ing the instantaneous constraint of removal at disengagement. Crucially, passage through
the curved segment introduces two supplementary mechanisms: (1) the gravitational align-
ment effects modify the interfacial pressure distribution under non-planar geometries, and
(2) the localized armor-layer deformation induces hysteresis through stiffness-mediated
contact with the conduit wall. Engineering analysis confirms that pipeline diameter up-
scaling reduces the contact stress concentration, effectively mitigating the armor fatigue
risks during high-curvature transits. Furthermore, empirical validation reveals a strict
linear proportionality between the crossing length and duration (ΔLH =200 m/Δt =2000 s),
enabling precise schedule optimization through parametric extrapolation.

Figure 7 illustrates the effective tension versus crossing length. The maximum effec-
tive tension demonstrates monotonic escalation with increasing LH, rising from 49.4 kN
to 156.8 kN (217% amplification ratio), governed by progressive frictional accumulation
between the submarine cable and pipeline during axial pullback. A linear proportionality
between the peak tension and LH is established, with an average incremental rate of 21.5 kN
of 200 m. This quantized growth coefficient serves as a deterministic parameter for selecting
a tension control system and defining the safety margins in an engineering operation.

 
Figure 7. The maximum values of the effective tension for different crossing lengths.
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To evaluate the permissible crossing length under current construction constraints, a
supplementary simulation was executed for LH = 1700 m, as shown in Figure 8. The tension
evolution mirrors the triphasic profile observed at LH = 1600 m in Figure 5, with a peak
effective tension of 169.7 kN, approaching the cable’s permissible threshold. Consequently,
the critical crossing length under operational limits was validated as 1700 m, as exceeding
this induces closeness to the structural tolerance boundary.

 

Figure 8. Time histories of the effective tension in the cable for LH = 1700 m.

4.2. Effects of the Incident Angle on the Tension in the Cable

Diverging from terrestrial horizontal HDD, submarine cable installations operate
under spatially constrained marine environments, necessitating strategic incident angle
adjustments to accommodate infrastructural boundaries. The frictional resistance at the
cable–pipeline interface is governed by the incident angle variation, a critical operational
parameter examined here under the fixed crossing length (LH = 1700 m) and the pullback
velocity (νpull = 0.1 m/s). Five values of the incident angle were parametrically examined:
ϕ = 10◦, ϕ = 20◦, ϕ = 30◦, ϕ = 40◦, and ϕ = 50◦.

To isolate the ϕ-dependent effects, the numerical framework preserved the following
geometric invariants: the horizontal and excavated pipeline segment remained static, with
terminal points rigidly anchored. This protocol enabled automated trajectory generation for
the buried pipeline section as ϕ varied while maintaining kinematic consistency. Figure 9
quantifies the resultant mechanical responses through the comparative analysis of the
horizontal bending displacement (HB) and the lateral horizontal bending length (LHB),
elucidating their parametric dependencies on ϕ.

Figure 10 delineates the temporal evolution of the effective tension Te in the cable
under distinct pipeline incident angles. While Te exhibits phase-dependent convergence
during the initial and intermediate pullback stages, divergent dynamics emerge in the
terminal phase, governed by the acute sensitivity to ϕ-modulated geometrical constraints.
This triphasic behavior arises from invariant pipeline routing in excavated/horizontal
segments (nullifying ϕ-dependent frictional variations) versus critical geometry, the tri-
bology coupling in the buried region. During final pullback, curvature-induced contact
transitions to low-ϕ regimes (ϕ ≤ 30◦), sustaining unidirectional sliding friction, whereas
ϕ > 30◦ instigates multi-axial contact regimes due to helix-like cable–pipeline interactions.
Such geometric locking amplifies the frictional resistance by synchronizing the contact
area enlargement and static friction coefficient elevation, directly manifested as steep-
ened Te: temporal gradients and heightened peak tensions. Crucially, the threshold at

60



Water 2025, 17, 1517

ϕ = 30◦ demarcates the friction regimes dominated by kinematic linearity versus nonlinear
geometric coupling.

 

Figure 9. Shape variations in the buried part of the pipeline for various incident angles.

 

Figure 10. Time histories of the effective tension in the cable for various incident angles.

Meanwhile, as the incident angle increases from 10◦ to 40◦, the crossing period remains
constant. However, at ϕ = 50◦, the cable tension surges abruptly at t = 16,400 s and exceeds
the permissible threshold by 171.7 kN at t = 16,858 s. This nonlinear escalation stems from
the intensified geometric constraints at elevated angles, which amplify the cable–pipeline
contact pressure and shift the interfacial friction from dynamic to static dominance. The
resultant kinematic lock forces the pulling system to generate excessive driving power,
inevitably breaching the safe tension limits. For fields where tension constraints cannot be
mitigated, establishing an operational platform to reduce ϕ becomes imperative to ensure
safety compliance.

Figure 11 illustrates the maximum effective cable tensions across varying incident
angles ϕ. The amplification ratio exhibits a linear proportionality to ϕ, confirming enhanced
tensile forces at larger angles. Upon pullback completion, the peak tensions measure
137.6 kN, 143.2 kN, 175.7 kN, and 201.8 kN for the respective ϕ values. For ϕ < 50◦, the
average tension amplification (12.7 kN) remains marginal compared to the crossing length
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effects, indicating limited ϕ-dependency in cable–pipeline contact mechanics. Notable
tension escalation occurs exclusively under geometric locking at ϕ = 50◦. At ϕ = 35◦, the
peak tension of 169.7 kN suggests that the optimal incident angle for 1700 m crossings
should be maintained within the 35–40◦ range to balance the operational feasibility and
safety thresholds.

 

Figure 11. Maximum effective tensions in the cable for various incident angles.

4.3. Effects of the Pullback Velocity on the Tension in the Cable

The pullback velocity of the submarine cable is another critical factor for the tension
in the cable. Enhancing the velocity requires higher power with higher costs and causes
tension variation in the cable. Therefore, it is necessary to investigate the effects of the
pullback velocity on the tension in the cable. Here, we set the crossing length and the
incident angle at LH = 1700 m and ϕ = 35◦. Four pullback velocities νpull were employed in
the comparison: 0.1 m/s, 0.2 m/s, 0.3 m/s, and 0.4 m/s.

Figure 12 illustrates the temporal evolutions of the effective cable tensions for var-
ious pullback velocities. The three varying phases still exist as the pullback velocity
increases. Furthermore, the pulling out period decreases significantly as the pullback veloc-
ity increases. As νpull increases from 0.1 m/s to 0.4 m/s, the pulling out period shortens
nonlinearly. For νpull = 0.1 m/s, the period measures 17, 250 s, decreasing to 4, 309 s at
0.4 m/s, while the extreme case (0.4 m/s) shortens the period to <25% of the baseline
(0.1 m/s). This inverse proportionality between the velocity and duration is attributed to
the kinematic friction stabilization at elevated speeds, which attenuates the rate of temporal
reduction. The results suggest a saturation effect in period reduction at higher velocities,
aligning with quasi-steady friction behavior under dynamic cable–pipeline interactions.

Figure 13 illustrates the peak effective cable tensions under varying pullback velocities.
As the pullback velocity νpull increases from 0.1 m/s to 0.3 m/s, the peak effective tension
fluctuates between 169.7 kN, 169.4 kN, and 170.2 kN, with deviations remaining below 0.5%,
and all values are under the permissible threshold of 171.7 kN. However, at νpull = 0.4 m/s,
the peak effective cable tension rises to 172.5 kN, exceeding the permissible limit. Compared
to the crossing length and incident angle, the pullback velocity has a limited influence on
the peak effective cable tension. The peak effective tension exceeds the permissible value
only when νpull = 0.4 m/s. As the crossing length and incident angle are fixed, the tension
in the cable is primarily determined by the cable mass and the friction between the cable
and pipeline, with limited influence from the pullback velocity. Consequently, the peak
effective cable tension remains small. The cable stiffness, however, reduces the deformation
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period at the curvature zones as νpull increases, enlarging the contact area with the upper
pipeline wall and amplifying the frictional resistance, thereby elevating the tension. To
mitigate the risks of cable locking and structural failure, νpull must be maintained below
0.4 m/s.

 

Figure 12. Time histories of the effective tension in the cable for various pullback velocities.

 

Figure 13. Maximum effective tensions in the cable for various pullback velocities.

5. Conclusions

Based on the HDD project for submarine cable laying in the Zhoushan islands, China,
a numerical model using the commercial FEM platform OrcaFlex 11.3 was established to
simulate the pullback process of the submarine cable in the pipeline, which was validated
using the in situ measured data. The effects of the crossing length, incident angle, and
pullback velocity on the effective tension in the cable were investigated and analyzed.

The numerical predictions indicate that the maximum tension in the cable increases
gradually as the crossing length of the pipeline increases. Under the investigated project
conditions, the peak tension in the cable was close to the permissible value of 171.7 kN
when the crossing length was 1700 m. As the incident angle increased, the maximum
tension in the cable also increased gradually. When the incident angle was too large, the
cable contacted the pipe, causing the tension to be close to the permissible value. The
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numerical results suggest that the incident angle of the pipeline should be less than 35◦.
The pullback velocity of the system had a minor influence on the effective tension in the
cable, and a gradual increase in the pullback velocity might lock the cable in the pipeline,
resulting in damage to the cable.

Future work should address the cable burial depth and emergence angle to expand
the tension mitigation strategies. Additionally, while this study assumed a uniform friction
coefficient, practical engineering requires sectional distinctions (e.g., excavated vs. seawater-
submerged pipeline segments). Buoyancy effects, which reduce the submerged cable
weight and alter the friction dynamics, should also be incorporated in simulations for
enhanced field application. The environmental loadings, ignored in this study, will be
included in the related numerical simulations, and their influences on the pullback process
of the submarine cable will be evaluated.
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Nomenclature

Symbol Definition
a Contact area
a0 External stress area
ai Internal stress area
A Cross-sectional area of the cable
c Damping coefficient
dl/dt Change rate of the length
D Height from the excavation point to the water surface
Dcrit Deflection
E Effective Young’s modulus
EA Axial stiffness of the cable
Fq Maximum pulling force in the drawing head of the cable
Ft Permissible tension in the cable
H Water depth
HB Height of the buried part of the pipeline
k0 Friction coefficient between the PE pipe and the cable
ks Shear strength
ktt Tension/torque coupling
l Instantaneous length of the segment
l0 Unstretched length of the segment
L Pulling safety distance of the cable
LH Horizontal distance between the entry and exit points
LHB Horizontal length of the buried part of the pipeline
p0 External pressure
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pi Internal pressure
R Contact reaction force
Sz Unit vector
t Time
T Pullback force
T1 Initial tension in the cable
Te Effective tension
Tw Wall tension
ν Poisson ratio
νpull Pullback velocity
W Volume weight of the cable
ϕ Incident angle
τ Twist angle of the segment
ε Total mean axial strain
λ Expansion factor of the segment
γ0 Safety coefficient of the cable load
μ Friction coefficient
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Abstract

The topography of the flood path significantly influences the hydraulic characteristics of
flood events, necessitating in-depth analysis to better understand the continuous dynamics
during dam failure scenarios. These analyses are useful for the hydraulic evaluation
of infrastructures downstream of a dam site. This study examined the effects of four
distinct converging configurations of guide-banks on the propagation of unsteady flow in
a rectangular channel. The configurations studied included trapezoidal and crescent side
contractions, as well as trapezoidal and crescent barriers located at the channel’s center,
each with varying lengths and widths. Numerical simulations using computational fluid
dynamics (CFD) simulation were validated against experimental data from the literature.
The results reveal that the flow experienced a depth increase upon encountering converging
geometries, leading to the formation of a hydraulic jump and the subsequent upstream
progression of the resulting wave. The width of the obstacles and contractions had a marked
influence on the flow profile. Increased channel contraction led to a more pronounced
initial water elevation rise when the flood flow encountered the topography, resulting in a
deeper reflected wave that propagated upstream at less time. The reflected wave increased
the water elevations up to 0.64, 0.72, and 0.80 times the initial reservoir level (0.25 m),
respectively, for cases with 33%, 50%, and 66% contraction ratios to the channel width
(0.3 m). For the same cases at a certain time of t = 5.0 s, the reflected wave reached 1.1 m
downstream, 0.5 m downstream, and 0.1 m upstream of the initial dam location. Waves
generated by the trapezoidal configuration affected the upstream in less time than those
formed by the crescent contraction. The length of the transitions or their placement (middle
of/across the channel) did not significantly affect the flow profile upstream; however,
within the converging zone, longer configurations resulted in a wider increased water
elevation. Overall, the intensity of the hydraulic response can be related to one factor in all
cases, namely, the convergence intensity of the flow lines as they entered the contractions.

Keywords: dam-break; transitional flow; flood risk management; CFD

1. Introduction

Floods are among the most catastrophic hydrological events, capable of causing severe
damage to infrastructure and significant loss of life [1,2]. While in many cases single
structures, such as dams, or hybrid structures that combine various flood control measures,
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are typically among the best options to manage floods [3,4], their failure can also serve
as a significant source of flooding in downstream areas. Among the various types of
floods, dam-break floods stand out as particularly devastating due to their rapid onset,
immense destructive potential, and widespread impact on both infrastructure and human
populations [5]. It is expected that the frequency and intensity of extreme weather events
be exacerbated, potentially increasing the likelihood of conditions that could lead to dam
failures and subsequent floods [6,7]. Hence, understanding the hydraulic response of
dam-break waves to different channel geometries is crucial for improving flood risk assess-
ments and designing effective mitigation strategies.

Several factors influence the characteristics and impact of dam-break floods, including
the reservoir volume [8], breach formation dynamics [9], downstream topography [10],
and channel boundary conditions [11]. The breach development determines the release
rate and peak discharge of the flood wave [12]. Hydrodynamic factors such as flow
resistance, bed roughness, and sediment transport further modulate wave attenuation
and energy dissipation [13,14]. Additionally, external influences such as vegetation [15],
infrastructure [16], and tributary inflows [17] can alter flood propagation patterns. Among
these factors, channel morphology plays a particularly critical role in shaping the evolution
of dam-break waves. Variations in channel slope [18], width [19], sinuosity [20], and
cross-sectional geometry [10] influence wave speed, depth, and flood extent. Constrictions
or expansions in the channel can also cause wave reflection, energy concentration, or
dispersion, significantly altering the flood’s destructive potential [21,22]. Understanding
these morphological controls is essential for accurate flood hazard predictions and the
development of effective mitigation strategies. To comprehensively assess the implications
of such an event and to provide a reliable estimate of the associated flood risk, it is essential
to investigate various dam failure scenarios. These scenarios can generally be categorized
into two groups. The first category involves case studies and numerical simulations aimed
at fully modeling the routing of the dam breach flow and examining their propagation
through rivers, canals, and urban infrastructure downstream [23–28]. The second category
does not relate to complete routing of a dam-break flood but encompasses studies that
investigate the dam-break flow dynamics in a closed domain, typically conducted at a
laboratory scale, and identify the influence of various factors on the flood. The present
study falls into the second category and primarily examines the interaction between floods
and structures during a dam-break event.

The water–structure interaction is particularly significant downstream of a failed
dam [23]. Unlike river floods, dam-break floods occur much more abruptly and with higher
flow velocities, making their impact on downstream. In the event triggered by a dam failure,
the flow typically traverses a heterogeneous topography at downstream, influencing its hy-
draulic characteristics. Various factors such as the presence of bridge piers in the river path,
flow-facing structures, changes in channel width, steps or protrusions in the channel invert,
and vegetation can significantly alter the flood’s flow profiles. Additionally, infrastructures
such as roads, bridges, and municipal facilities serves as barriers to the downstream propa-
gation of flood waves following a dam failure [29]. These variations lead to the formation
of secondary waves and increasing water turbulence, thereby heightening the potential for
more extensive damage. Kocaman et al. [19] investigated the impact of three trapezoidal
transitions with varying geometries onto a dam-breach flow in a rectangular channel.
Their research focused on flow profiles during the sudden emptying process of a reservoir
due to the abrupt removal of a gate. The study found that the flow depth increased as it
passed through the transitions, and this increase propagated upstream as a form of a wave.
Additionally, they numerically modeled their experiments and demonstrated that the set
of Reynolds-Averaged Navier–Stokes (RANS) equations using the standard k-ε turbulence
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model successfully reproduce the flow profile of a dam-break unsteady flow in similar
geometries. Kocaman et al. [30] experimentally and numerically explored the propagation
of flood waves resulting from a dam breach in a region with closed boundaries. In their
scenario, waves propagate not only downstream but also upstream, as the flow interacts
with the boundaries. Their study specifically focused on the effect of tailwater depth on the
resulting wave profile. The reliability of RANS equations with a standard k-ε turbulence
model coupled with VOF method in simulating wave propagation is reported in their work.
Di Cristo et al. [31] introduced two morphodynamic models to analyze the interaction
between a dam-break wave and a rigid obstacle in the presence of an erodible bed. Their
study emphasized the importance of developing effective predictive tools for assessing
impact forces on structures caused by floods, which are crucial for designing appropriate
risk mitigation strategies and protective measures. Khoshkonesh et al. [29] conducted a
numerical study on two configurations of individual obstacles placed downstream of a dam-
break wave. In their model, the obstacles were arranged in a triangular formation within a
rectangular channel, allowing the flow to pass through them. Their findings highlighted the
significant influence of obstacle arrangement on key hydraulic parameters, including the
flow profile, reservoir discharge rate, three-dimensional velocity fields, and flow regimes
around the obstacles. Maghsoodi et al. [32] investigated three different scenarios of obstacle
arrangement facing a dam-break wave, namely, a rectangular obstacle, a trapezoidal sill,
and triangle sill in a channel path. A set of RANS equations with a standard k-ω turbulence
model along with a VOF tracking method were used in their study to analyze flow profiles
and pressure field with sufficient accuracy. Lee and Nguyen [33] performed numerical
simulations using an LES turbulence model coupled with a VOF tracking method to in-
vestigate the hydraulic characteristics of a dam-break flood in a laboratory-scale urban
area. The variables of their problem included initial water stage, breach size, and position
of dam gate. They analyzed flow depth contours, the velocity hydrograph, streamlines,
vorticity, and the q-criterion incorporated with these variables. Focusing on wave–structure
interactions, Oodi et al. [34] investigated the transient flow characteristics of dam-break
waves interacting with downstream obstacles and contractions at varying distances in a
channel site. They developed a high-accuracy numerical code by incorporating an LES
turbulence model along with an air entrainment model and the VOF method to analyze
flow profiles, turbulence structures, air entrainment around obstacles, flow regime varia-
tions, and the flood hydrograph in the downstream channel. Their findings contribute to
a deeper understanding of the wave–structure interactions during dam-break events by
elucidating how obstacles influence wave dynamics at different distances from the dam.
Beteille et al. [35] experimentally and numerically studied the dam-break flood in an ideal-
ized city layout with reduced scale. They analyzed the impact of different configurations of
cubic obstacles on the flow field characteristics including flow depth history and instanta-
neous velocity around the obstacles. The VOF-based RANS model in their study was able
to accurately reproduce wake zones around the obstacles and the velocity field.

While numerous scenarios of wave–structure interactions during a dam-break include
the presence of obstacles in an idealized urban area, the intention of the present work is
to study the transient flood flow across a river site. The presence of hydraulic structures
in a river site is common, and the failure of them can lead to rapid propagation of flood
waves across a river and colliding with infrastructure located in or across the river, there-
fore making it practical to study. In present study, the interacting infrastructures were
specifically defined based on practical river control structures. Among them, the presence
of “guide-banks” in a river site were evaluated during a dam-break event, which has not
been investigated with a focused manner in previous research. Guide-banks are built for
guiding and regulating the river flow for various reasons. They can be used for preventing
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erosion and ensuring safe passage of water around bridges, weirs, and hydraulic structures.
They can be constructed in pairs, upstream and downstream of the supported structure,
and can be parallel, convergent, or divergent depending on the specific needs of the river
and the structure [36,37]. In present work, four different guide-bank placements along a
river path were evaluated facing a dam-break flood in a rectangular channel—this includes
lateral and mid-width contractions with either trapezoidal or crescent shape. In addition,
for each case, various configurations of length and contraction width for guide-banks
were assessed. The evaluated configurations covered a reasonable range of guide-bank
designs, representing practical results for engineering applications [37]. This study assessed
key hydraulic parameters, including flow profiles and velocity fields of the dam-break
wave, influenced by various downstream contractions. The findings contribute to a deeper
understanding of flood dynamics in river systems following different configurations of
guide-banks. The findings will be useful for flood risk management and also can be in-
corporated for designing and evaluating river guide-banks. Furthermore, this study aims
to develop a high-accuracy numerical model capable of predicting flood characteristics
resulting from dam failures in channels interacting with downstream constrictions.

2. Materials and Methods

2.1. Numerical Model Description

A Computational Fluid Dynamics (CFD) model was applied to simulate the
three-dimensional flow dynamics of the problem. The reference model of this study
was adapted from the experiment work of Kocaman et al. [19]. As illustrated in Figure 1,
the setup consists of a rectangular channel with a width of 30 cm and a zero-bed slope. At
t = 0 (t is time), a still water region with a height of 25 cm exists upstream of the gate’s
location. The gate has not been modeled. The simulation begins with the sudden releas-
ing of initial water, initiating an unsteady flow downstream while the water upstream
gradually drained over time. Throughout this drainage process, no additional inflow
is introduced into the computational domain. Downstream of the gate’s initial position
(set as the origin coordinates system), two converging transitions with a trapezoidal shape
in plan are present, significantly influencing the characteristics of the unsteady flow.

 

Figure 1. Descriptions of the reference model [19]: (a) side view; (b) plan view.

In this study, following the simulation of the reference model based on the geometric
specifications outlined in Figure 1 and the validation of the results using the experimental
data of Kocaman et al. [19] (as detailed in Section 2.4), new geometries in the channel
plan were assembled in the numerical model. The tested configurations fell into four
categories as shown in Figure 2, namely, parallel lateral contraction with trapezoidal shape
(Tr), parallel lateral contraction with crescent shape (Cr), parallel mid-width contraction
with trapezoidal shape (Tr-C), and parallel mid-width contraction with crescent shape
(Cr-C). In each category, the transition was considered with three contraction ratios along
with three various lengths. The channel widths at the contraction (LC) were selected as 0.1,
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0.15, and 0.2 m, which corresponded to contraction ratios of 0.66, 0.5, and 0.33 compared
to the channel width (0.3 m). The overall lengths of transitions were selected as 0.6, 0.9,
and 1.2 m in which the sloping sides of trapezoidal contractions were constant. These
values corresponded to 2W, 3W, and 4W (W = channel width). Consequently, the tested
cases provide a conclusion and cover a wide insight about the effect of the placement
of guide-banks (lateral versus mid-width), shape of them (crescent versus trapezoidal),
contraction ratios, and length of the transitions on the dam-break response in a channel.
Overall, 36 distinct guide-bank geometries were evaluated in present study, all of which
had a vertical height of 20 cm in numerical simulations. The descriptions of the numerical
runs are represented as Table 1.

Figure 2. Plan view of the channel contractions used in the numerical simulations of the present study
(all dimensions are in meters): (a) parallel lateral contraction with trapezoidal shape, (b) parallel
lateral contraction with crescent shape, (c) parallel mid-width contraction with trapezoidal shape,
(d) parallel mid-width contraction with crescent shape.

Table 1. Definition of numerical cases.

Shape (a) * Shape (b) Shape (c) Shape (d) L (m) LC (m)

Tr 0.6–0.1 Cr 0.6–0.1 Tr-C 0.6–0.1 Cr-C 0.6–0.1 0.6 0.1
Tr 0.6–0.15 Cr 0.6–0.15 Tr-C 0.6–0.15 Cr-C 0.6–0.15 0.6 0.15
Tr 0.6–0.2 Cr 0.6–0.2 Tr-C 0.6–0.2 Cr-C 0.6–0.2 0.6 0.2
Tr 0.9–0.1 Cr 0.9–0.1 Tr-C 0.9–0.1 Cr-C 0.9–0.1 0.9 0.1
Tr 0.9–0.15 Cr 0.9–0.15 Tr-C 0.9–0.15 Cr-C 0.9–0.15 0.9 0.15
Tr 0.9–0.2 Cr 0.9–0.2 Tr-C 0.9–0.2 Cr-C 0.9–0.2 0.9 0.2
Tr 1.2–0.1 Cr 1.2–0.1 Tr-C 1.2–0.1 Cr-C 1.2–0.1 1.2 0.1
Tr 1.2–0.15 Cr 1.2–0.15 Tr-C 1.2–0.15 Cr-C 1.2–0.15 1.2 0.15
Tr 1.2–0.2 Cr 1.2–0.2 Tr-C 1.2–0.2 Cr-C 1.2–0.2 1.2 0.15

Note: * Shapes are described in Figure 2.
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2.2. CFD Code

This CFD simulation demonstrates satisfactory performance in solving hydraulic prob-
lems involving both steady and unsteady flow in open channels, as validated in previous
studies [19,30,38–41]. In this study, Reynolds-Averaged Navier–Stokes (RANS) equations
were incorporated to solve the three-dimensional turbulent flow of an incompressible
Newtonian fluid. In previous dam-break problems, the RANS approach provides a more
accurate results compared to Shallow-Water Equations (SWE), especially in terms of the
initial times of dam-break, and moreover provides better insights of the three-dimensional
flow field around the obstacles [19,35,40,42,43]. On the other hand, the RANS approach is
considered cost-effective in comparison with the Large Eddy Simulation (LES) method in
terms of modeling turbulence. The conservation of mass and momentum equations are
represented in three-orthogonal cartesian coordinates as Equations (1) and (2), respectively,
in which they are discretized by the Finite Volume Method (FVM):

∂

∂xi
(uiAi) = 0 (1)

∂ui

∂t
+

1
VF

(ujAj
∂ui

∂xj
) = − 1

ρ

∂p
∂xi

+ gi + fi (2)

In these equations, x represents the coordinate along the three directions (denoted
each time by the subscripts i and j), t is time, VF is the fractional volume open to flow, p is
the pressure, ρ is the fluid density, ui is the mean velocity, Ai is the fractional area open to
flow, gi is the body acceleration, and fi is the viscous acceleration in the subscript direction.

Three closure models, namely, the standard k-ε [44], the RNG k-ε [45], and the standard
k-ω [46], were adopted to complete solving the RANS equations, and accuracies of them
are compared in Section 2.4.2. All of these two-equation models have widespread use in
dam-break problems in channels [19,32,35,40–42,47,48]. And of course, these are the avail-
able two-equation closure models for RANS equations in FLOW-3D software. The numeri-
cal model employs the Volume of Fluid (VOF) method, introduced by Hirt and Nichols [49],
to track the free surface of the flow. Additionally, the Fractional Area/Volume Obstacle
Representation (FAVOR) algorithm, proposed by Hirt and Sicilian [50], was implemented
to approximate solid boundaries within the computational domain.

2.3. Model Setup

The solution domain was meshed in Cartesian coordinates using two distinct mesh
blocks. As illustrated in Figure 3, the first block covered the upstream region of the gate,
while the second block was located downstream of the gate. The cubic cells in the second
block were chosen to be smaller than those in the first block. This is because the interaction
between dam-break wave and the transition was included in the second block area, which
was set to be investigated. Since the water elevation variation was the main focused
parameter, there was no need for setting up finer grids near boundaries. After performing
a mesh sensitivity analysis (Section 2.4.1), the optimal cell sizes were determined to be
1.6 cm for the first block and 1.2 cm for the second block. Figure 4 provides a detailed
definition of boundary conditions for the present problem. The boundary condition at
the entrance of the solution domain was set as symmetry, meaning there was no change
across the boundary, and the flow conditions were assumed to be identical on both sides.
The boundary condition at the exit of the solution domain was defined as outlet discharge,
where the water flow exited the domain. The bottom of the channel and the channel walls
were assigned wall-type boundary conditions, which prevented the flow from crossing
these boundaries, causing it to return to the solution domain upon contact. The top
boundary of the domain was specified as atmospheric pressure, and the interface between
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the two mesh blocks was defined as symmetry. No physical symmetry boundary was
actually imposed there, ensuring proper flow transport across the blocks. Additionally,
various probe points were defined along the channel, as shown in Figure 5, to capture the
time-history of the flow parameters, including water elevation. These points were located
at the center of the channel width.

Figure 3. Meshing configuration within the problem domain.

Figure 4. Boundary conditions setup.
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Figure 5. Definitions of probe locations in the numerical model (where # indicates the probe number).

2.4. Verification of the Numerical Model

The validation and verification of the numerical model results were performed using
water elevation data from the experiment conducted by Kocaman et al. [19]. The reason
for choosing this parameter was the quantitative outputs that are needed for the current
work. The meshing and accuracy of the numerical model should be sufficient to calculate
the water level. In this process, the flow profiles were extracted within the range of
0 to 2.5 m downstream of the gate position at times 2.40 s, 4 s, and 5.50 s. Additionally,
time-history water elevations at points p1, p3, and p5 were obtained. The verification
process was carried out in three stages, as detailed in Sections 2.4.1–2.4.3.

2.4.1. Mesh Sensitivity Analysis

To analyze the meshing sensitivity, three numerical simulations with different mesh
sizes, as detailed in Table 2, were conducted using RNG turbulence model. The mesh sizes
had a refinement factor of 0.8 comparing two consecutive cases. The finest grid led to the
generation of 848 × 103 cells, which increased the cell counts more than that result in cost-
effective and relatively uneconomical numerical calculations. On the other hand, increasing
the cell sizes more than Case 1 may result in unreliable outcomes. Therefore, the selected
mesh sizes, as shown in Table 2, were considered reasonable and effective for determining
the hydraulic parameters of this study. Flow profiles along the central plane of the channel
and time-history water elevations were calculated, as shown in Figures 6 and 7, respectively.
The results indicate that the water elevation data for the three numerical models showed
minimal variation (less than 1%), with the graphs nearly overlapping. This suggests that
this parameter was not significantly sensitive to the selected mesh sizes. As seen in Table 2,
reducing the mesh size from Case 2 to Case 3 increased the computational volume by 236%
based on the number of cells, yet the accuracy of the water depth calculations remained
largely unaffected. Conversely, despite the negligible difference in water elevation errors
between Cases 1 and 2, the large cell size in Case 1 could cause substantial error in the
calculation of other hydraulic parameters, such as the velocity field. Therefore, Case 2 is
considered more reliable than Case 1. Given these findings, and in light of the expected
results of this study, which includes both qualitative and quantitative water elevation
data as well as velocity field observations, Case 2 was selected as the optimal mesh for
this problem.

Table 2. Specification of meshing used for the grid convergence analysis.

Case Cell Counts (×103)
Cell Size of Mesh

Block 1 (cm)
Cell Size of Mesh

Block 2 (cm)
Refinement Ratio Relative

to the Former Case
Increase in

Calculations Time

1 206 2.00 1.50 - -
2 358 1.60 1.20 0.80 174%
3 848 1.20 0.90 0.75 237%
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Figure 6. Flow profiles calculated by numerical models with different mesh sizes, compared to the
experimental data of Kocaman et al. [19], at times of (a) t = 2.40 s, (b) t = 4.00 s, and (c) t = 5.50 s after
the gate removal.
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Figure 7. Time-history water elevations calculated by numerical models with different mesh sizes,
compared to the experimental data of Kocaman et al. [19], at three locations of (a) Probe 1, (b) Probe
3, and (c) Probe 5, as described in Figure 5.

2.4.2. Accuracy Comparison Between Turbulence Models

After adopting the optimal mesh, the reference model was applied to the three tur-
bulence models: RNG, standard k-ε, and k-ω, to determine the most suitable model. To
assess the accuracy of each one, flow profiles were evaluated at three time points: 2.40 s,
4.00 s, and 5.50 s. Figure 8 presents the result of the flow profile analysis at 4 s. The graphs
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of all three turbulence models show negligible difference, indicating that water elevation
parameter was not sensitive to the choice of turbulence model in this problem. Considering
the satisfactory performance of the RNG turbulence model in estimating a wide range
of hydrodynamic parameters in hydraulic structure problems, specifically in dam-break
simulations containing water–structure interactions [23,38,51–57], this model was selected
for the numerical simulations in the present study.

Figure 8. Flow profiles with incorporation of three turbulence models in numerical calculations,
compared to the experimental data of Kocaman et al. [19].

2.4.3. Accuracy Assessment of the Optimal Numerical Model

The accuracy of the optimal numerical model in comparison to the laboratory data
was determined by calculating the Mean Absolute Percentage Error (MAPE), as defined
by Equation (3):

MAPE% = 100 × 1
n

n

∑
1

∣∣∣∣Xexp − Xnum

Xexp

∣∣∣∣ (3)

In this equation, Xexp represents the experimental value, Xnum represents the numerical
value, and n is the number of data points.

To calculate the error in the flow profiles (Figure 6), 15 points along the channel
length on the central axis were selected for comparison. Water elevations at those points
were compared between the numerical model outputs and the experimental data. This
comparison was repeated for the three selected times in Figure 6. Additionally, to determine
the percentage of error in the time-history elevations (Figure 7), water elevations at three
selected points (p1, p2, and p3) were compared at 15 different times intervals, ranging from
1 s to 15 s after the event began.

3. Results

3.1. General Observations

The resulting average errors for the determination of flow profiles and time-history
water elevations are represented in Table 3. Overall, the accuracy of the reference numerical
model was calculated as 5.27% for the flow profiles and 5.59% for time-history water
elevations, which is considered acceptable. Furthermore, the general observations of the
numerical model results in Section 3.1, which indicate the satisfactory performance of the
numerical model in describing the flow field, further confirm the accuracy of the outputs.
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Table 3. Mean Absolute Percentage Error (MAPE) of the numerical output compared to the experi-
mental data of Kocaman et al. [19].

Flow Profile
Time-History

Water Elevations

t (s) MAPE (%) Probe No. MAPE (%)

2.40 3.80 1 4.07
4.00 6.21 3 5.49
5.50 5.82 5 7.23

Average 5.27 Average 5.59

The flow profiles for the reference numerical run (as described in Figure 1) are plotted
in Figure 9. As time progressed from the start of the event (the sudden removal of the gate),
the dam-break wave reached the transition location, causing the water elevation increase
at the converging point, as seen in Figure 9a. This increase in water elevation propagated
upstream over time as a reflected wave, as observed in Figure 9b–d. It can be inferred that
a hydraulic jump occurred at the transition point due to the collision between the high-
velocity main flow and the slower-moving fluid. The formation of this initial hydraulic
jump reduced the velocity and increased the water elevation upstream of the transition.
Frequently, as the flow encountered upstream currents with low-velocity zones, hydraulic
jumps were repeated. The position of this hydraulic jump shifted over time and moved
upstream. The occurrence of a moving hydraulic jump was also evident in the Froude
number contours presented in Figure 10. The Froude number in a vertical axis is defined as
Fr = u. (g.h)−0.5, where u is the flow depth-averaged velocity at x direction, h is the average
flow depth at corresponding axis, and g is gravitational acceleration. The flow coming from
upstream initially had a Froude number greater than 1.0 and is considered supercritical.
In open channels, for an approaching flow having a certain specific energy (h + v2/2g,
where h is the flow depth and u is the flow velocity), the maximum discharge is achieved
when the flow experiences the critical depth. When a supercritical flow encounters a
narrower section, the flow depth across the transition increases, unless it reaches the critical
depth. In that case, chocking occurs, and the water is repelled to gain the specific energy
required to pass through the constriction at the critical depth. As a result, a hydraulic
jump occurs, and the inflow changes from a supercritical state to a subcritical state [58].
This fact justifies the formation of the hydraulic jump during the initial times of collision
between the incoming dam-break wave and the contractions shown in Figure 9, which can
also be concluded in Figure 10 by observing the Froude number variations. Overall, the
observation of the hydraulic response of a dam-break wave crossing the contraction align
well with the experimental results of Kocaman et al. [19]. The response factors include time
of flow choking and formation of hydraulic jump, water elevation rise at choking time,
the reflected wave elevation, and the upstream propagation pattern of the reflected wave,
which are obvious in Figure 9.

The changes in the flow velocity at various times are demonstrated in the contours
of Figure 11. The propagation state of the main flow as well as the hydraulic jump have
reliable conformity with experimental results of Kocaman et al. [19]. At times 1.5, 1.8, and
2.1 s, the flow velocity at the transition site decreased. After 2.4 s, in the regions affected
by the hydraulic jump, flow bifurcation became apparent, where the deeper parts of the
flow exhibited a positive velocity (downstream direction) while the upper parts showed a
negative velocity (upstream direction). Over time, the upper wave propagated upstream,
and its speed gradually decreased. However, in the area affected by the reflected wave,
the velocity of the main flow downstream decreased compared to the approaching flow
due to the hydraulic jump. Upstream of the hydraulic jump, the velocity remained greater
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than 1.0 m/s in all cases. However, downstream of the hydraulic jump, the main flow
velocity reduced to approximately 0.5 m/s. Meanwhile, the propagation velocity of the
hydraulic jump (the upper wave velocity) initially reached a maximum of about −1 m/s
and averaged around −0.5 m/s over time.

 

Figure 9. Flow profiles for the reference case (present study) and experimental data [19] at times of
(a) t = 1.80 s, (b) t = 2.40 s, (c) t = 3.00 s, and (d) t = 4.50 s after the gate removal.

3.2. Effect of Transition Shape on Flow Hydraulics

According to Figure 2, four types of contraction shapes were tested along the channel
path. To compare the effect of each transformation on the dam-break flow characteristics,
the flow profiles were drawn at five different times, as shown in Figure 12. The profiles
were extracted for the central plane (y = 0.15 m) and a lateral plane (y = 0.078 m) along
the channel. For the cases tested in this section, the length of the transformation and the
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contraction width of the channel remained constant (L = 0.6 m and Lc = 0.1 m). It is worth
noting that the cases of Tr 0.6–0.1 and Tr-C 0.6–0.1 had a triangle shape. As observed in
Figure 12, the flow profiles for the central plane of the channel (y = 0.15 m) show that the
water elevations in the range of x = 1.52 m to x = 2.12 m for both Tr-C and Cr-C states
were zero, which is attributed to the presence of an obstacle in the flow path. Similarly,
in the water surface profiles for the lateral plane (y = 0.078 m), the water levels were zero
in the region where the flow encountered obstacles. Examining the flow profiles at times
t = 1.0 s and t = 1.6 s (Figure 12a,b), it is clear that the profiles for the lateral transitions
(Tr and Cr) followed a similar pattern, while the profiles for the obstacles in the center
of the channel (Tr-C and Cr-C) followed a different pattern. At t = 1.6 s (Figure 12b),
as the flow passed through the central obstacles, the water depth increased significantly
along the central axis. However, over time, it became evident from the profiles at t = 2.0,
3.0, and 5.0 s (Figure 12c–e) that the reflected waves generated by the interaction of the
flow with the trapezoidal obstacles (Tr and Tr-C) exhibited a consistent upstream propaga-
tion pattern. Similarly, the reflected waves associated with the crescent-shaped obstacles
(Cr and Cr-C) followed a comparable pattern. In other words, from t = 2.0 s onward, the
positioning of the obstacles no longer affected the reflected wave profile; instead, the wave
profile was primarily determined by the shape of the obstacle. At t = 5.0 s (Figure 12e), the
upstream wave elevation for the crescent-shaped transitions was approximately 1 cm (5.5%)
greater than that of the trapezoidal obstacles. Moreover, the crescent-shaped contrac-
tions outperformed the trapezoidal ones in upstream wave propagation. Notably, in
the four tested conditions shown in Figure 12, the maximum flow elevation at t = 5.0 s
ranged between 19 and 20 cm, nearly filling the upstream distance up to the gate location
(x = 0). This indicates that the reflected wave can elevate water elevations close to the initial
reservoir level (25 cm) within 5 s of water release.

Figure 10. Variation of the Froude number along the channel at the time of 3.5 s after the gate removal
for the reference case: (a) sideview (across the channel’s centerline); (b) plan view.
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Figure 11. (a) Contours of velocity field along the channel for the reference case (numerical results of
present study); (b) corresponding flow profiles (experimental data [19]).

Figure 12. Cont.
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Figure 12. Flow profiles for cases with different transition shapes, including Tr 0.6–0.1, Cr 0.6–0.1,
Tr-C 0.6–0.1, and Cr-C 0.6–0.1, alongside the channel’s mid-width (y = 0.15 m) and quarter-width
(y = 0.078 m) and at times of (a) t = 1.0 s, (b) t = 1.6 s, (c) t = 2.0 s, (d) t = 3.0 s, and (e) t = 5.0 s after the
gate removal.

For a more detailed analysis of the effect of contraction shape on water elevations,
their contours along the channel were extracted, as shown in Figure 13, for the four tested
transformations with L = 0.9 m and Lc = 0.1 m. These configurations were longer than those
in Figure 12, where L = 0.6 m. At first glance, the contours confirmed the three-dimensional
nature of the flow, with water elevation varying across the transverse direction of the
channel. At initial times (t = 2.0 s), the maximum flow depth was nearly 20 cm. In the cases
with trapezoidal constrictions (Figure 13a,c), the water elevation extended over a larger
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area at the entrance of the contraction compared to the crescent ones (Figure 13b,d). This
was due to the reduced disruption of streamlines in the crescent contractions, leading to
less water accumulation. From t = 4.0 s onwards, the patterns of the wave for the crescent
obstacle (Cr-C 0.9–0.1) and crescent contraction (Cr 0.9–0.1) became visually similar, as did
those for the trapezoidal obstacle (Tr-C 0.9–0.1) and trapezoidal contraction (Tr 0.9–0.1),
as noted in the water elevations. At t = 5.0 s, the reflected wave related to trapezoidal
constrictions (Figure 13a,c) progressed upstream by about 0.2 m farther than the waves
in the crescent configurations (Figure 13b,d), and, to some extent, the water elevations
were also larger. The sharp edges of the trapezoidal contraction caused a more significant
increase in water level during the initial stages of the dam-break flow collapse on the
constriction, leading to a more progressive reflected wave. However, for the shorter
transitions examined in Figure 12, the trapezoidal transformation with a length of 0.6 m
formed a triangle in the flow path, which caused less convergence of flow lines compared
to a trapezoidal alternative. As a result, the propagation pattern of the corresponding
hydraulic jump differed between a triangle transition and a trapezoidal one.

Figure 13. Contours of the water elevation (flow depth) along the channel’s plan for cases with
various contraction shapes, namely, (a) Tr 0.9–0.1; (b) Cr 0.9–0.1; (c) Tr-C 0.9–0.1; and (d) Cr-C 0.9–0.1.

In addition, the propagation of the wave alongside the velocity field in the central
plane of the channel are presented in Figure 14 for four tested shapes of contraction with
L = 0.95 m and Lc = 0.1 m. The propagation patterns complied with observations of the
flow profiles and water elevation contours. In the area affected by the moving hydraulic
jump, the flow bifurcation was observed for all tested conditions, where the upper flow
layer had negative velocity and the lower part had positive velocity with small values, but
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there was not a significant pattern in comparing the concentrations of the two velocity
zones between the four examined cases. The quantitative velocity interval of the reflected
wave and also the main wave in the bottom in all subfigures of Figure 14 were similar for
the four examined contractions, and the only difference was the propagation pattern. Faster
propagation of the upstream wave in the cases of Tr and Tr-C was related to higher water
elevations in t = 2.0 s (initial times as Figure 14a), as mentioned before. It is noticeable that
at t = 2.0 s (Figure 14a), the flow exiting the contractions Tr and Cr had relatively larger
velocity than the cases of Tr-C and Cr-C, because the water flowed downstream from the
middle of the channel in the cases of Tr and Cr, not being obstructed by contractions.

Figure 14. Cont.
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Figure 14. Velocity contours alongside the flow profiles (side view) for cases with various contraction
shapes, including Tr 0.95–0.1, Tr-C 0.95–0.1, Cr 0.95–0.1, and Cr-C 0.95–0.1 at times of (a) t = 2.0 s,
(b) t = 3.0 s, (c) t = 4.0 s, and (d) t = 5.0 s after the gate removal.

3.3. Effect of Channel Contraction Width on Flow Hydraulics

Flow profiles for three cases including trapezoidal transitions of equal length
(L = 0.9 m) but varying widths are presented in Figure 15. These profiles were observed
along the central axis of the channel (y = 0.15 m) and a lateral axis at a quarter of the
channel width (y = 0.078 m). The transitions were located between x = 1.52 m and x =
2.42 m. For the conditions tested, the channel widths at the transition point (Lc) were 0.1 m,
0.15 m, and 0.2 m corresponding to 33%, 50%, and 66% of the total channel width. The flow
lines passing through the central axis (y = 0.15 m) did not encounter any of the transitions,
while those passing through the lateral axis (y = 0.078 m (interacted with the Tr 0.9–0.1
transition. As a result, in a section of the channel that overlapped with the contraction, the
water elevation was zero. From the initial seconds (t = 1.0 s and t = 2.0 s in Figure 15a,b), it
was evident that greater contractions resulted in an increase in water elevation. The wave’s
peak generated by the flow interacting with the transitions varied significantly across the
different contraction conditions. At t = 2.0 s (Figure 15a), the wave’s peak at the central axis
for the Tr 0.9–0.1 case was 20 cm. In contrast, for the Tr 0.9–0.15 and Tr 0.9–0.2 cases, these
values decreased to 15 cm and 11 cm, respectively. This indicates that the transition with
a larger contraction had a more significant effect on the water elevation. The streamlines
passing through the larger contraction underwent a more substantial change in direction,
resulting in greater energy dissipation and a higher accumulation of water entering the
contraction. As a result, the water elevation increased. At t = 5.0 s (Figure 15c), the re-
flected waves in all three scenarios propagated upstream in a unidirectional pattern. The
upstream water level in the case of Tr 0.9–0.1 reached 20 cm, whereas for the Tr 0.9–0.15 and
Tr 0.9–0.2 cases, it decreased to 18 cm and 16 cm, respectively, at the central axis. In addition
to the differences in the water elevation, the position of the wave front also varied among
the three tested scenarios. At t = 5.0 s (Figure 15c), the wave fronts for the Tr 0.9–0.1,
Tr 0.9–0.15, and Tr 0.9–0.2 cases were positioned approximately before the gate, 0.5 m
downstream, and 1.1 m downstream of the gate, respectively. This indicates that the re-
flected wave formed by the dam-break flow encountering a more compact contraction
travelled faster upstream, which resulted from larger water elevations at the entrance of the
contraction at the initial times (t = 2.0 s). On the downstream side of the channel contraction
(x > 2.47 m), the flow profiles followed a distinct pattern, as illustrated in Figure 15. In the
initial seconds (t = 1.0 s and t = 2.0 s in Figure 15a,b), the flow profiles showed minimal
variation, but over time, at t = 5.0 s, as shown in Figure 15c, the profiles diverged. At this
point, the average water elevation downstream of the Tr 0.9–0.1 transition was 4 cm at
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axis y = 0.078 m, while downstream of Tr 0.9–0.15 and Tr 0.9–0.2 transitions, the average
water elevations were 5 cm and 6 cm, respectively. Therefore, in contrast to the upstream
reflected wave profile, the water elevation downstream of the transitions decreased as the
contraction ratio increased.

 

 

 

Figure 15. Flow profiles for three cases with various contraction widths including Tr 0.9–0.1,
Tr 0.9–0.15, and Tr 0.9–0.2 alongside the channel’s mid-width (y = 0.15 m) and quarter-width
(y = 0.078 m) and at times of (a) t = 1.0 s, (b) t = 2.0 s, and (c) t = 5.0 s after the gate removal.
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Furthermore, an analysis of the water elevation contours for the three cases is presented
in Figure 16. It is observed that for all three Tr 0.9–0.1, Tr 0.9–0.15, and Tr 0.9–0.2 cases, in
which the channel experienced 66%, 50%, and 33% compaction, hydraulic jump was present.
In other words, in all cases, the approaching flow could not pass the transition without
accumulating specific energy that led to the formation of hydraulic jump and a reflected
progressive wave. For the case of Tr 0.9–0.1 (Figure 16a), the formation of the reflected
wave was observed at t = 2.0 s, after the collision between the supercritical approaching
flow with the channel contraction. The formation of the reflected wave was observed at
larger times for the less compacted transitions. In the case of Tr 0.9–0.15 (Figure 16b) and
Tr 0.9–0.2 (Figure 16c), the upstream wave started to propagate at t = 3.0 s and t = 4.0 s,
respectively. This was because, in earlier times, the specific energy of the approaching
supercritical flow could be large enough for passing the water during the contraction with
higher water elevations without changing the flow regime to subcritical. However, due
to unsteady water inflow, this equation could be changed, and the hydraulic jump would
present at later times. Overall, Figure 16 reveals two key observations that comply with
the flow profiles. Firstly, at similar times, the elevation of the hydraulic jump was greater
when the flow interacted with a more converging transformation. Secondly, the hydraulic
jump extended over a larger area upstream as the contraction increased.

Figure 16. Plan view of the water elevation (flow depth) contours for the three tested transitions with
varying contraction widths: (a) Tr 0.9–0.1; (b) Tr 0.9–0.15; (c) Tr 0.9–0.2.
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Figure 17 presents a comparison of velocity contours at four different time intervals
for the three transition cases: Tr 0.9–0.1, Tr 0.9–0.15, and Tr 0.9–0.2. At t = 2.0 s (Figure 17a),
an increase in water elevation was observed at the channel constriction for all three cases.
However, the formation of a reflected wave was initially evident only in the Tr 0.95–0.1 case.
Over time, flow bifurcation became noticeable upstream of the channel constriction, where
velocity of the upstream wave, as shown in Figure 17b, approached approximately −1 m/s
in the Tr 0.95–0.1 case. In the case of the transition with greater constriction, the upstream
wave velocity was greater. The position of the upstream wave front varied among the three
cases. At t = 4.0 s and t = 5.0 s (Figure 17c,d), the positions of the wave front differed by
approximately 0.6 m, with the reflected wave in the most constricted transition advancing
further upstream. The larger increase in water elevation at initial times (t = 2.0 s), along with
the broader low-velocity zones at t = 5.0 s (Figure 17c,d), contributed to the intensification
of the reflected wave originating from the more compact transition.

Figure 17. Cont.
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Figure 17. Contours of longitudinal velocity along the channel for cases with different contraction
ratios including Tr 0.9–0.1, Tr 0.9–0.15, and Tr 0.9–0.2 at times of (a) t = 2.0 s, (b) t = 3.0 s, (c) t = 4.0 s,
and (d) t = 5.0 s after the gate removal.

3.4. Effect of the Transition Length on Flow Hydraulics

Flow profiles for three crescent-shaped transitions of varying lengths are depicted
in Figure 18. In all cases, the channel width at the contraction section (Lc) remained
constant at 0.15 m, while the transition lengths (L) were 0.6 m, 0.9 m, and 1.2 m. The
flow lines passing through these transitions, both along the center axis of channel width
(y = 0.15 m) and quarter-channel width (y = 0.078 m), did not directly interact with the
transitions but rather passed in close proximity. Since all three transitions originated from
the same position within the channel, the reflected waves within the first 2 s following gate
failure (Figure 18a,b) had small differences in elevations, which was quite a bit higher for
shorter transitions in the central axis. However, variations in the water elevation along
the transition and downstream sections became more pronounced over time. By t = 5.0 s,
as shown in Figure 18c, the reflected wave associated with Cr 0.6–0.15 advanced further
upstream compared to Cr 0.9–0.15, showing a notable difference. Similarly, a comparable
trend was observed for Cr 0.9–0.15 relative to Cr 1.2–0.15. The propagation of the hydraulic
jump was linked to larger water elevations at the contraction site, which formed at the
initial times. In the case of shorter contractions, the water elevations were slightly larger,
contributing to a more pronounced reflection of the wave. Nonetheless, the differences
in the reflected wave’s front remained subtle, and the water elevations remained nearly
identical across all three cases. It is worth mentioning that at the contraction site, a notable
increase in the water level was observed for the longer transition, which also influenced a
greater longitudinal extent of the channel.

Contours of the water elevation for the same examined cases with varying contraction
lengths are compared in Figure 19. At initial times, up to t = 2.0 s, the water elevation
experienced a larger increase when the dam-break wave encountered a shorter transi-
tion (Figure 19a). At t = 2.0 s, the region of increased water level at the entrance of the
Cr 0.6–0.15 case was wider than the Cr 0.9–0.15 case, and similarly, this area was wider
for Cr 0.9–0.15 compared to Cr 1.2–0.15. The longer transitions featured softer edges that
directed the flow lines downstream with a gentler slope, leading to less energy dissipation
and a smaller velocity reduction at the contraction entrance, as well as a more modest
increase in water elevation. In all three cases, the formation of the reflected wave caused
by an initial hydraulic jump was evident, as shown in Figure 19. However, the start time
of the upstream propagation differed by around 0.5 s between the cases. In the case of
Cr 0.6–0.15 (Figure 19a), flow accumulation was observed at t = 2.0 s that led to an upstream
wave observation at t = 2.5 s. Meanwhile, in the other two cases (Figure 19b,c), the flow
chocking started at t = 2.5 s. This difference contributed to the lower convergence of the
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flow lines passing through the cases Cr 0.9–0.15 and Cr 1.2–0.15 than the case Cr 0.6–0.15.
From t = 3.0 s onwards, differences in the location of the reflected wave became more
apparent, with the position at t = 5.0 s differing by approximately 0.1 m between the three
cases. These observations align with the flow profiles in Figure 18.

 

 

Figure 18. Flow profiles for three cases with varied transition lengths, namely, Cr 0.6–0.15, Cr 0.9–0.15,
and Cr 1.2–0.15, alongside the channel’s mid-width (y = 0.15 m) and quarter-width (y = 0.078 m) and
at times of (a) t = 1.0 s, (b) t = 2.0 s, and (c) t = 5.0 s after the gate removal.
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Figure 19. Plan view of water elevation (flow depth) contours for three tested transitions with varying
lengths: (a) Cr 0.6–0.15; (b) Cr 0.9–0.15; (c) Cr 1.2–0.15.

In addition, the propagation of the wave alongside the velocity field in the central
plane of the channel is presented in Figure 20 for the same contractions with different
lengths. The observed propagation patterns align with the results from the flow profiles
and water elevation contours. In the region affected by the moving hydraulic jump, flow
bifurcation was observed in all tested conditions, where the upper flow layer exhibited
negative velocity and the lower part showed positive velocity with small magnitudes.
However, there was no significant pattern when comparing the concentrations of the two
velocity zones across the three examined cases. The quantitative velocity interval of the
reflected wave and the main wave in the bottom in all subfigures of Figure 20 were almost
similar for the three examined contractions, and the only difference was the propagation
pattern. The faster propagation of the upstream wave in cases with shorter contractions
was related to higher water elevations at t = 2.0 s as Figure 20a (initial times). This indicates
that the shorter transitions resulted in a more rapid advance of the reflected wave due to
the larger increase in water elevations in the earlier stages, which is justified in Figure 19.
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Figure 20. Contours of longitudinal velocity distribution along the channel for cases with different
contraction lengths including Cr 0.6–0.15, Cr 0.9–0.15, and Cr 1.2–0.15 at times of (a) t = 2.0 s,
(b) t = 3.0 s, (c) t = 4.0 s, and (d) t = 5.0 s after the gate removal.
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4. Discussion

The findings of this study provide important insights into the complex hydraulic
behavior of unsteady flows triggered by sudden dam-break events in the presence of
downstream geometric constrictions in a channel site. Water–structure interactions during
a dam-break in a channel experiencing contraction was also investigated in a couple of
previous studies [19,27,30,46], but in the present work, a reasonable geometric range of
guide banks along an open channel was chosen for study, which adds a practical aspect to
the present research. The results underscore the critical role of channel geometry, specifically
the width and shape of contractions in shaping wave reflection patterns, hydraulic jump
development, and upstream wave propagation. The considered constrictions included
four arrangements of trapezoidal/crescent transitions at the middle of/across the channel.
The tested contractions had widths of 66%, 50%, and 33% of the channel width and had
lengths of twice, three times, and four times the channel width. The dam-break wave,
caused by a sudden emptying of the reservoir, was set to collide with the transitions at a
distance of six times the initial reservoir level (6h0). The results show that in all investigated
channel contractions, the supercritical unsteady inflow could not cross the transitions
without flow chocking and accumulation of water in the transition section. In all cases,
formation of an initial hydraulic jump was observed that followed a reflected wave that
propagated upstream by time; however, hydraulic jump (caused by flow choking) occurred
at different times for different cases of contraction. Moreover, the water rise caused by the
flow chocking at the transition section was different between cases. These two facts (time
of flow choking and water elevation rise due to flow choking) were decisive in the progress
of the hydraulic jump upstream.

Among the examined parameters, contraction width emerged as the most influential
in generating hydraulic response. Higher contraction ratios led to stronger wave reflections
and more significant upstream effects. The observation of flow profiles and water elevation
contours showed that for three contractions occupying 66%, 50%, and 33% of the channel
width (namely, Tr 0.9–0.1, Tr 0.9–0.15, and Tr 0.9–0.2, as described in Figure 2), dam-break
flow crossing the transition choked at about t = 2.0 s, t = 3.0 s, and t = 4.0 s after the gate
(dam) removal, respectively; meanwhile, the water elevations rose up to 20 cm, 15 cm,
and 11 cm at the contraction site, respectively. By the formation of hydraulic jump and
the reflected wave, the water elevation upstream of the contractions reached 20 cm, 18 cm,
and 16 cm, respectively, for these cases at t = 5.0 s. These values for water elevations were
extremely noticeable compared with the initial reservoir level (h0 = 25 cm). Additionally,
observations on velocity contours in all the investigated cases indicated that in the area
affected by hydraulic jump, flow bifurcation was evident where the upper flow layer
had negative velocity (up to −1 m/s) and the bottom layer had positive velocity that
was reduced due to being covered by hydraulic jump. Between the investigated cases,
there was no significant difference between the velocity interval of the main flow or the
reflected wave’s velocity. The main difference was the location of the upstream wave’s
front at various times. At t = 5.0 s, the reflected wave fronts were positioned at x = −0.1 m,
x = 0.5 m, and x = 1.1 m for Tr 0.9–0.1, Tr 0.9–0.15, and Tr 0.9–0.2, respectively (where x
was measured from the initial gate location downstream). This proves that at a certain
time, hydraulic response of the interaction between the dam-break wave and the higher-
ratio contraction affected more of the area upstream. These quantitative comparisons
are represented in Figure 21, providing a better conclusion about the hydraulic response
of a dam-break wave interacting with guide-banks with various compaction ratios. In
the diagrams of Figure 21, the water elevation (h) as well as downstream distance from
the gate (x) parameters became dimensionless by being divided into the initial reservoir
level (h0 = 25 cm); also, the time (t) parameter was multiplied by 0.01(g/h0)0.5 to become
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dimensionless (T = 0.01(g/h0)0.5 × t, where g is gravitational acceleration; for instance,
T = 0.31 indicates the actual time of t = 5.0 s).

Figure 21. Dam-break wave response interacting with the investigated guide-banks with various
contraction ratios; transitions were located 6h0 downstream of initial gate location; W/h0 = 1.2.

The type of contraction shape (trapezoidal versus crescent) influenced the flow behav-
ior differently. Trapezoidal geometries generated a more intense convergence of stream-
lines at the entrance, resulting in a slightly more progressive hydraulic jump, whereas
crescent-shaped contractions led to smoother flow transitions. Comparing two cases,
Tr 0.9–0.1 and Cr 0.9–0.1, the water elevation rise differed by 1 cm (0.04 times the h0) when
it came to flow choking. Also, at t = 5.0 s, the reflected wave front in cases Tr 0.9–0.1
and Cr 0.9–0.1 were located at x = −0.2 m and x = 0, respectively; this fact further in-
dicates the flow-line convergence effect on the upstream wave propagation. Following
that, the contraction length did not directly affect the flow profiles, but the comparison be-
tween three crescent transitions with various lengths (namely, Cr 0.6–0.15, Cr 0.9–0.15, and
Cr 1.2–0.15) revealed that the shorter transition led to more convergence of the approaching
flow lines and therefore created a little more progressive hydraulic response. Moreover, the
placement of the contraction (in the middle of/cross the channel) did not significantly cause
different hydraulic responses. The comparison of water elevation variations between the
Tr 0.9–0.1 and Tr-C 0.9–0.1 cases and also between Cr 0.9–0.1 and Cr-C 0.9–0.1 showed no
significant difference in the maximum water rise by flow choking, the time of flow choking,
and the propagation pattern of the hydraulic jump. In fact, the convergence of flow lines
did not differ neither for Tr 0.9–0.1 and Tr-C 0.9–0.1 cases, nor between Cr 0.9–0.1 and
Cr-C 0.9–0.1 cases.

This suggests that in the broader context of flood risk management and hydraulic
infrastructure design, careful consideration of channel narrowing is essential to prevent
undesirable hydraulic responses and potential damage upstream. These findings have
practical implications for the design of energy dissipators, flow control structures, and
flood conveyance systems where understanding the nature of reflected waves can inform
safer and more efficient designs.

In a broader hydraulic and environmental engineering context, this research highlights
the value of using calibrated numerical models to investigate transient flow phenomena
with high spatial and temporal resolution. While experimental setups offer controlled
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observations, numerical tools allow for more extensive parametric explorations under
variable and extreme conditions, which are often encountered in real dam-break scenarios.

Future research may expand on these findings by addressing several limitations iden-
tified in the current study. For instance, while sediment transport and erosion processes
were not incorporated into the simulations, their inclusion is essential for capturing the
long-term evolution of channel morphology and the feedback mechanisms that occur
during real dam-break events. Additionally, this study only explored a limited range of geo-
metric variations in channel constrictions, namely, specific trapezoidal and crescent- shaped
configurations. Investigating a broader spectrum of structural forms, along with varying
discharge conditions, would provide a more comprehensive understanding of dam-break
hydraulics. Moreover, future work should examine the influence of channel roughness
and wall material properties on wave reflection behavior, integrate three-dimensional flow
simulations to capture shear stresses and turbulent structures more accurately, and assess
the role of suspended materials typically mobilized during floods. Incorporating remote
sensing or satellite-based data would also enable model validation across larger spatial
domains with natural topographic complexity.

5. Conclusions

In the present study, the hydraulics of unsteady flow resulting from a sudden
dam-break in a channel were investigated, with a focus on the interaction between the
flow and various guide-bank transitions downstream. A numerical model was applied
to estimate water elevations with acceptable accuracy based on experimental data from
the literature. Incorporation of Reynolds-Averaged Navier–Stokes (RANS) equations for
solving three-dimensional unsteady flow along with the Volume of Fluid (VOF) method
for tracking the free surface reproduced the flow profiles and time-history water eleva-
tions with Mean Absolute Percentage Errors (MAPEs) of 5.27% and 5.59%, respectively.
The model was used to determine flow profiles, analyze water elevation contours, and
observe the flow velocity field for numerical cases containing modified guide-banks. The
modifications included the shape of contraction (trapezoidal versus crescent), placement
of guide-banks (laterally sides of channel versus in the middle of channel), widths of
guide-banks, and lengths of guide-banks. The results show that for all cases, the incoming
dam-break wave, which faced a contraction at a distance of 6h0 from the initial dam location
(h0 = 0.25 m was the initial reservoir level), experienced flow choking with a hydraulic
jump following a reflected wave upstream. However, the quantitative aspect of hydraulic
response differed for the investigated cases. The determining factor was identified to be
the convergence degree of flow lines across the transitions. Therefore, the width of the
guide-bank was the most influential item. In the interaction between the dam-break wave
with a more compact guide-bank, the time of flow choking was lesser; water elevation
rise due to choking was higher; reflected wave elevation was larger; and at a certain time,
it propagated more area upstream. Additionally, trapezoidal guide-banks led to more
convergence of flow lines compared with crescent ones, therefore generating a noticeable
larger response. The guide-bank placement and the length of it did not affect the hydraulic
response as much as the convergence of flow lines remaining constant. Finally, quantitative
hydraulic response parameters were extracted in a dimensionless form and presented
in Figure 21 for three guide-banks with different width ratios. The results of this study have
practical implications for predicting the dynamics of dam-break floods around downstream
infrastructures, contributing to risk management and hazard analysis efforts. The findings
can help improve our understanding of how various contraction geometries affect the
propagation and intensity of reflected waves, ultimately aiding in better flood prediction
and infrastructure design.
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Abbreviations

The following abbreviations are used in this manuscript:

CFD Computational fluid dynamics
RANS Reynolds-averaged Navier–Stokes
SWE Shallow-water equations
LES Large eddy simulation
FVM Finite volume method
VOF Volume of fluid
FAVOR Fractional Area/Volume Obstacle Representation
MAPE Mean absolute percentage error
ELE Elevation of water
Tr Parallel lateral contraction with trapezoidal shape
Cr Parallel lateral contraction with crescent shape
Tr-C Parallel mid-width contraction with trapezoidal shape
Cr-C Parallel mid-width contraction with crescent shape
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Abstract: This paper investigated the effects of the successive Typhoons Durian and
Utor on the chlorophyll-a concentration in the overlapping regions of the South China
Sea in 2006. Satellite observations were employed to analyze the spatial–temporal vari-
ability of chlorophyll-a concentrations. The results show that the strong vertical mixing
and upwelling after the passage of the first Typhoon Durian led to a rapid increase in
chlorophyll-a concentration, while the effects of the subsequent Typhoon Utor showed
regional variability: the chlorophyll-a concentration in the area to the right of the path of
Typhoon Utor increased significantly, but it did not continue to increase in the area of the
overlap with Durian and showed a decreasing trend. Studies have shown that the impacts
of successive typhoons on marine ecology are not simply additive but can be modulated by
changes in the marine environment caused by the previous typhoon. This study revealed
the complexity of the impacts of successive typhoons on marine productivity and provides
a new perspective for understanding how typhoons affect marine productivity.

Keywords: remote sensing; spatial data analysis; successive typhoons; chlorophyll-a
concentration

1. Introduction

The typhoon is the most intense weather system resulting from atmosphere–ocean in-
teractions [1]. The South China Sea, as the largest marginal sea of the western North Pacific
in China, is also one of the most active regions for typhoons, where typhoons play a crucial
role in driving oceanic variability. Wind stress-induced vertical mixing and upwelling
can effectively uplift nutrient-rich subsurface cold waters to the sea surface [2–4]. This
process not only leads to a decrease in sea surface temperature (SST) [5–9] but also enhances
primary productivity and increases chlorophyll-a (chl-a) concentration through the input of
nutrients [4,10–14]. Wang et al. [15] investigated the changes in chl-a concentration before
and after typhoon transit and found that chl-a concentration increased from 0.74 mg/m3

to 1.29 mg/m3. Jung et al. [16] studied the environmental and ecological impacts of sum-
mer typhoons entering the East China Sea and found that summer typhoons typically
increase surface chl-a concentrations by 65.4%. Lin et al. [17] studied Typhoon Kai-tak,
which passed through the South China Sea, and revealed a dramatic 30-fold increase in
the average sea surface chl-a concentration, from 0.1 mg/m3 before to 3.2 mg/m3 after the
typhoon. Babin et al. [3] conducted a study on 13 tropical cyclones in the North Atlantic
and found that these cyclones triggered a significant 5–91% increase in chl-a concentra-
tions for 2–3 weeks, which then gradually returned to pre-cyclone levels. Pan et al. [18]
investigated the phytoplankton biomass response to typhoons in the South China Sea
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using a physical–biogeochemical coupled model. Their results demonstrated that among
all 79 typhoon events affecting the region between 2000 and 2009, 43 typhoons triggered
surface phytoplankton blooms, while 5 cases only induced subsurface blooms without
surface blooms. Overall, more than half of the typhoons impacting the South China Sea
were found to stimulate phytoplankton blooms and enhance marine primary productivity.
Ma et al. [19] examined the phytoplankton response to the successive Typhoons Barijat and
Mangkhut in the northern South China Sea during summer 2018. Observations revealed
an average 63% increase in chl-a concentration following the passage of typhoons.

While the upper ocean’s physical and biogeochemical responses to a single typhoon
event have been well characterized, the impact of successive typhoons on the ocean remains
understudied. Previous studies have primarily focused on SST responses after the passages
of typhoons, and the results showed that the SST cooling is significantly modulated when
two typhoons consecutively pass through the same region [20,21]. Han et al. [20] conducted
a comprehensive study on the SST response to the successive Typhoons Nesat and Nalgae
in the South China Sea during summer 2011. Their research revealed that Typhoon Nesat
generated a pronounced right-of-track cooling of up to 4.4 ◦C, whereas the subsequent
Typhoon Nalgae produced a comparatively weaker cooling of only 2.2 ◦C. The analysis
further demonstrated that vertical mixing served as the dominant mechanism for SST
reduction in areas near the typhoon tracks. Zhang et al. [21] analyzed SST following the
passage of the successive Typhoons Sarika and Haima. Their results demonstrated distinct
oceanic responses: the first Typhoon Sarika induced approximately 4 ◦C SST cooling,
while the subsequent Typhoon Haima produced relatively weaker effects with a 2 ◦C SST
decrease. Baranowski et al. [22] employed numerical modeling to investigate the successive
typhoons Hagupit and Jangmi in September–October 2008. Their simulations revealed
that without the preconditioning effect of Typhoon Hagupit, Typhoon Jangmi would have
generated more pronounced ocean cooling. Specifically, the cold wake following Jangmi’s
passage and the left-track temperature anomalies would have been approximately 0.4 ◦C
greater in the absence of prior oceanic disturbance by Hagupit. In addition to SST, the
preceding typhoon in a successive event also has an impact on the chl-a response processes
generated by the subsequent typhoon. Huang et al. [23] analyzed phytoplankton blooms
induced by the successive Typhoon Sinlaku and Typhoon Jangmi in the Northwestern
Pacific Ocean found that the pre-existing cyclonic eddy provided a relatively unstable
thermodynamic structure for Typhoon Sinlaku and facilitated more efficient upwelling of
nutrient-rich cold subsurface water to the surface, whereas the deepening of the mixed layer
caused by Typhoon Sinlaku prevented deeper nutrient-rich cold water from being carried
into the upper ocean mixed layer, resulting in weaker phytoplankton blooms and creating
unfavorable preconditions for the chl-a response triggered by Typhoon Jangmi. Although
the chl-a response mechanism of individual typhoons in the South China Sea has been
theoretically framed, the mechanism of successive typhoons induced chl-a response in the
South China Sea is not comprehensive. This paper takes Typhoon Durian and Typhoon Utor
in 2006 as examples to analyze the effects of successive typhoons on chl-a concentration by
multi-source satellite data.

2. Materials and Methods

The typhoon data were derived from the Joint Typhoon Warning Center (JTWC)
and included key information such as typhoon location, track, and intensity with a time
resolution of 6 h. This study focused on Typhoons Durian and Utor in December 2006,
with the investigation area 107◦ E–118◦ E and 8◦ N–19◦ N in the South China Sea. Typhoon
Durian crossed the study area from 2 to 4 December 2006, and Typhoon Utor crossed
from 11 to 13 December 2006. The chl-a concentration data were acquired using the
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Moderate-Resolution Imaging Spectroradiometer (MODIS) Level-3 product with a spatial
resolution of 4 km and a daily temporal resolution. The SST data were obtained from the
Group for High-Resolution Sea Surface Temperature (GHRSST) Level 4 product with a
daily temporal resolution and a spatial resolution of 0.0879◦. The 10 m wind field data
(U10) were obtained from the Quick Scatterometer (QuikSCAT; NASA/JPL, USA) satellite
mission, which makes observations twice a day with a spatial resolution of 0.25◦. The
current data and temperature profiles were obtained from the Hybrid Coordinate Ocean
Model (HYCOM) global reanalysis product with a daily temporal resolution and 0.08◦

spatial resolution.
Using 16 years of typhoon data from the South China Sea, Wang [24] performed a

time series of SST and chl-a concentration before and after typhoon passages. The analysis
revealed that chl-a concentrations fluctuated in two days before the typhoon arrival and
remained relatively stable with minimal changes in the 3–8 days before the typhoon. Chl-a
concentration maintained at a high level for 2–7 days after the typhoon. Combined with
the results of this paper, the average chl-a concentration of the 3–8 days before the typhoon
is defined as the initial condition, the average chl-a concentration for 3 to 8 days after the
typhoon is defined as the post-typhoon chl-a concentration, and the difference between
them is the chl-a response. According to the results of Wang (2020) [24], SST began to
decline after the passage of typhoon, and the maximum decline occurred within 3 days
after the pass of the typhoon. Combined with the results of this paper, the SST response was
defined as the difference between the average of the SST from t0 to t3 after the typhoon and
the SST background, and the SST background is defined as the 3–8 days before the typhoon.

The kinetic energy (KE) is calculated using the following formula:

KE =
1
2
ρ0

(
u2 + v2

)
(1)

where u and v are the east–west and north–south current speed, respectively, and ρ0 is the
density of sea water.

The Ekman Pumping Velocity (EPV) is calculated as

EPV = Curl ×
(

τ

ρ0 × f

)
(2)

where f is the Coriolis parameter, and τ is the wind stress, calculated according to the
following formula:

τ = ρair·Cd·|U10|·U10 (3)

ρair is the density of air, and Cd is the wind drag coefficient. The chl-a response
shows regional variability under the influence of successive typhoons. The overlap area
111◦ E–115◦ E, 13◦ N–14.5◦ N is defined as Region A based on the strong chl-a response,
and the area to the right of Typhoon Utor, 114◦ E–116.2◦ E, 14.3◦ N–17◦ N, where the
chl-a response is strong, is defined as Region B. Regions A and B are labeled with black
boxes in Figure 1.
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Figure 1. The chl-a concentration (a) before and (b) after the passage of Typhoon Durian, and (c) the
chl-a response induced by Typhoon Durian. (d–f) are same as (a–c), except for Typhoon Utor. The red
typhoon symbol represents the location of the typhoon. The black boxes represent regions A and B.

3. Chlorophyll-a Response Induced by Typhoon Durian and
Typhoon Utor

Figure 1 illustrates the distribution of chl-a response before, during, and after the
passage of Typhoon Durian and Typhoon Utor. The results showed that the chl-a con-
centration in the study area was small before the passage of Typhoon Durian, which was
about 0.2 mg/m3. On December 3, the typhoon intensity was 90 knots and caused a rapid
increase in chl-a (Figure 1b). The difference in Figure 1c shows that the strongest increase
in chl-a in Region A was over 0.3 mg/m3. The strong response was mainly distributed
on the right side of the typhoon, which is consistent with previous results that found a
rightward bias in the typhoon-induced ocean response [6]. Typhoon Utor affected Region
A on December 12, eight days after Typhoon Durian passed, when Typhoon Utor was
75 knots strong and triggered a decrease in chl-a concentration of more than 0.2 mg/m3.
Typhoon Utor induced an increase in chl-a of 0.3 mg/m3 in Region B, which was on the
right side of the Typhoon Utor path and was not affected by Typhoon Durian.

The time series of chl-a in Region A and Region B are presented in Figure 2, and the
results show that the chl-a concentrations in both Region A ang Region B were low from
3 to 8 days before the passage of Typhoon Durian. The chl-a concentration in Region A
increased rapidly from after the passage of Typhoon Durian and peaked at about 0.5 mg/m3

on the 7th day after the passage of the typhoon and then started to decline. Typhoon Utor
impacted Region A on December 12 and did not cause an increase in chl-a in Region A. At
this time, Region A was still in the relaxation stage of Typhoon Durian, which led to the
decrease in chl-a caused by Typhoon Utor in Region A. In Region B, chl-a concentrations
remained persistently low before the Typhoon Utor pass and started to increase rapidly
after the typhoon, peaking at approximately 0.36 mg/m3 on the 6th day, which was an
increase of 0.2 mg/m3 in chl-a compared with that before the typhoon. This is consistent
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with the results in Figure 1, where there is a significant difference between the chl-a response
induced by Typhoon Utor in Region A and Region B.

 

Figure 2. Time series of chl-a concentration in Region A (blue solid line) and Region B (green solid
line). The red typhoon symbol indicates the time when the typhoon passed.

4. Discussion

To explore how Typhoon Durian affected the chl-a response of the succeeding Typhoon
Utor, the wind field distributions of the two typhoons as well as the induced EPV responses
were analyzed, and the results are shown in Figure 3. The moments that caused a strong
chl-a response (3 December and 12 December) were taken as the typhoon transit times,
and the spatial distribution of the mean EPV superimposed wind field before and after the
typhoon passage was mapped.

Figure 3. Distribution of wind fields (arrows) and EPVs (filled colors) of Typhoon Durian (a) before
its transit, (b) on 3 December 2006, and (c) on 4 December 2006. Distribution of wind fields (ar-
rows) and EPV (filled colors) of Typhoon Utor (d) before its transit, (e) on 11 December 2006, and
(f) on 12 December 2006. The red typhoon symbol represents the location of the typhoon. The black
boxes represent regions A and B.
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Figure 3 presents the spatial distributions of EPV induced by Typhoon Durian and
Utor during their respective pre-transit and post-transit periods. The results show low
wind speeds and no upwelling areas in the study area prior to the passage of Typhoon
Durian. On December 3, the typhoon had an intensity of 90 knots and induced a strong
upwelling of about 1 × 10−5 m/s or more in Region A (Figure 3b). Figure 3c shows
that by 4 December (one day after the typhoon’s passage), the storm had moved out of
Region A, resulting in no significant upwelling. Typhoon Utor affected the study area on
December 12, following an 8-day interval after Typhoon Durian’s transit. In this stage,
Typhoon Utor maintained an intensity of 75 knots, generating strong upwelling in Region B
(Figure 3f) with EPV exceeding 0.8 × 10−5 m/s. Prior to Typhoon Utor’s passage, including
on December 11 (one day before transit), no significant upwelling was observed in the
study region (Figure 3d,e). Typhoons Durian and Utor generated upwelling through wind
vorticity in Region A and B, respectively, transporting nutrient-rich subsurface waters to
the sea surface and leading to an increase in chl-a.

In addition to Ekman pumping, the strong winds of typhoons can cause strong
vertical mixing. Figure 4 presents the SST distributions and SST responses induced by
Typhoons Durian and Utor. The results demonstrate that temperatures near the typhoon
track averaging approximately 28 ◦C. After Typhoon Durian’s passage, the central region
experienced substantial SST cooling exceeding 2 ◦C (Figure 4c). Notably, the region to the
right of the track showed stronger cooling than the left side, with the most pronounced
SST reductions spatially coinciding with areas of significant chl-a response and elevated
EPV. Prior to Typhoon Utor’s passage, a low-SST anomaly persisted in the region to the
left of the track (Region A) during the relaxation stage of Typhoon Durian and resulted
in an SST increase of approximately 0.6 ◦C after the Typhoon Utor pass. Conversely, in
Region B, an SST decrease of approximately 1.5 ◦C occurred, accompanied by increased
chl-a concentrations. The SST response patterns following the successive typhoon transits
reveal that the ocean response to Typhoon Utor was modulated by the previous Typhoon
Durian.

Figure 4. SST fields for Typhoon Durian during (a) pre-transit and (b) post-transit phases, along with
(c) the resultant SST response. Panels (d–f) present analogous data for Typhoon Utor, following the
same sequence. The red typhoon symbol represents the location of the typhoon. The black boxes
represent regions A and B.

104



Water 2025, 17, 1567

Figure 5 displays the temporal evolution of depth-averaged temperature in Regions
A and B from December 3 to December 18. Following Typhoon Durian’s passage, the
14 ◦C isotherm lifted from 220 m to 200 m, indicating a strong upwelling. The uplift of
colder deep waters induced by Durian’s wind forcing caused pronounced Ekman pumping
on December 5 (Figure 5a). During the Typhoon Utor pass, there was no significant
change in the 14 ◦C isotherm, which means that no intense upwelling was observed in
Region A. However, in Region B, Typhoon Utor induced the significant uplift of the 14 ◦C
isotherm from 200 m to 175 m, indicating intense upwelling activity. Overall, Typhoon
Durian triggered strong upwelling in Region A, whereas Typhoon Utor failed to generate
significant upwelling in Region A but induced intense upwelling in Region B, which also
coincided with the chl-a responses induced by the two typhoons in Regions A and B.

 

Figure 5. Temporal evolution of depth-averaged temperature in (a) Region A and (b) Region B before
and after typhoon passage. The white and black dashed lines indicate the time of the Typhoon Durian
and Typhoon Utor passes, respectively, and the black solid line denotes the 14 ◦C isotherm.

Figure 6 displays the temporal evolution of depth-averaged KE in Regions A and B
from 4 to 18 December 2006. From December 4 to 6, following Typhoon Durian’s passage,
KE in both Regions A and B reached maximum values exceeding 0.3× 103 J/m3. Significant
KE increases occurred in the surface layers (0–54 m depth). The strong vertical gradient
of KE indicates strong vertical mixing in these layers. After the Typhoon Utor pass on
12 December, KE in the surface of Region A remained nearly unchanged, which means that
no vertical mixing was triggered by Typhoon Utor in Region A. There was no mixing and
no significant upwelling, which explains why Typhoon Utor did not induce a significant
chl-a response in Region A. Differently to Region A, the typhoon caused significant KE
increases in Region B. Although Typhoon Durian, due to its extensive wind field (the
radius of 34 knots was 91.2 nmi) also induced a surface KE response in Region B, it did not
trigger significant chl-a enhancement in this region because it failed to generate Ekman
pumping there.
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Figure 6. Temporal evolution of depth-averaged KE in (a) Region A and (b) Region B before and after
the typhoon passage. The dashed line indicates the time of the Typhoon Utor pass.

Analysis of EPV, SST, and KE responses to successive typhoons reveal that during
Typhoon Durian’s impact on Region A, upwelling and vertical mixing drove SST cooling
and may have caused an increase in chl-a concentrations by bringing nutrients to the surface
layer. As Typhoon Durian moved away, when Typhoon Utor affected the same sea area
eight days later, the SST and chl-a concentration responses induced by Typhoon Durian
had not recovered yet. Consequently, Typhoon Utor ultimately caused an increase in SST
and a decrease in chl-a concentration in Region A. In Region B, which was not affected
by Typhoon Durian, a cooling in SST and a rise in chl-a concentration were triggered by
Typhoon Utor. This was probably due to the change in the ocean environment in the
overlapping region caused by the previous typhoon. In a study of successive typhoons,
Huang et al. [23] found that the deepening of the mixed layer caused by the previous
typhoon prevented deeper nutrient-rich cold water from entering into the upper mixed
layer, which created an unfavorable preconditions for the chl-a response triggered by next
typhoon. Due to the modulation of the oceanic environment by the preceding Typhoon
Durian, Typhoon Utor induced significantly different SST and chl-a responses on its left
and right sides.

5. Conclusions

This study analyzes the differences in chl-a responses induced by the two successive
typhoons (Durian and Utor) in the South China Sea. The results demonstrate that the
preceding Typhoon Durian triggered strong chl-a and SST responses in Region A. Analyses
of EPV, SST, vertical temperature response, and KE indicate that Typhoon Durian caused
strong upwelling and vertical KE gradients in Region A. This led to a decrease in SST
on the one hand, and on the other hand, it brought nutrient-enriched seawater from the
subsurface to the surface, leading to an increase in chl-a. Eight days after Typhoon Durian
passing, Typhoon Utor affected Region A. As Region A was still in the relaxation stage
of Typhoon Durian and the marine environment was in the recovery phase, there was a
weak increase in SST and a weak decrease in chl-a concentration in Region A after the
passage of Typhoon Utor. In Region B, Typhoon Utor induced Ekman pumping and strong
vertical gradients of KE, suggesting a resultant upwelling and vertical mixing, leading to
a cooling of the SST and an increase in chl-a. The results of this paper illustrate that the
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preceding typhoon changed the marine environment and modulated the marine response
to the passage of the following typhoon.
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Abstract: The offshore transport of coastal water masses in the East China Sea is vital for
maintaining ecological stability. Understanding its spatial-temporal pathways helps clarify
material transport and ecological responses. This study used total suspended sediment
(TSS) data from the Korean Geostationary Ocean Color Imager to analyze TSS distribution
and anomalies, combined with satellite-derived surface residual currents. Results show
significant seasonal variations: coastal water masses expand to the 50 m isobath in winter
and contract to the 20 m isobath in summer. Offshore transport pathways vary spatially,
extending to the shelf edge north of 28◦ N but restricted by the Taiwan Warm Current south
of 28◦ N. A persistent transport pathway near 28◦ N shifts from northeastward to eastward.
Other pathways include one south of Hangzhou Bay (spring and autumn) linked to tidal
mixing and another north of the Yangtze River estuary (summer) following the Yangtze
River Diluted Water. These findings provide crucial observational insights for modeling
material cycling in the East China Sea shelf.

Keywords: East China Sea; offshore transport pathways; total suspended sediment
anomaly; spatial cumulative frequency

1. Introduction

The East China Sea (ECS) shelf region (Figure 1a) is distinguished by its distinctive
ecological environment and is considered to be among China’s most prolific fishery resource
areas [1]. The maintenance of its high productivity is contingent on terrestrial nutrients
carried by the coastal water masses and exogenous nutrients transported by the Kuroshio
Current. The cross-shelf transport of these nutrient-rich water masses is of particular
significance in ensuring the stability of ecological functions in the ECS shelf region. Research
has found that in spring, coastal waters moving south from Zhejiang and Fujian create a
large area with a lot of nutrients near the coast of Zhejiang, while the movement and rising
of Kuroshio subsurface waters near northeastern Taiwan serve as a key route for bringing
in outside nutrients [2]. It is worth noting that the spatial distribution characteristics of
marine suspended particulate matter, as an effective carrier and indicator of nutrients, can
reflect the transport path of nutrients. Liu’s [3] research found that there is a tongue of
high suspended matter concentration protruding toward the sea in the waters near 29◦ N
in northern Zhejiang and 27◦ N in northern Taiwan, which provides direct evidence for the
existence of a cross-shelf nutrient transport channel in the East China Sea.

Water 2025, 17, 1370 https://doi.org/10.3390/w17091370
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Figure 1. (a) Topography and (b) schematic diagram of the circulation system in the East China Sea. In
(b), the background color represents climatological TSS, and the red line indicates the Zhejiang–Fujian
coastal turbidity front. KC: Kuroshio Current; TWC: Taiwan Warm Current; YRDW: Yangtze River
Diluted Water; ZFCC: Zhejiang–Fujian Coastal Current. CF: Coastal Front.

The coastal water masses in the ECS are predominantly constituted by the Yangtze
River Diluted Water (YRDW) and the Zhejiang−Fujian Coastal Water (ZFCW). The for-
mation of these water masses is a consequence of the mixing of freshwater discharged
from coastal rivers and shelf water, exhibiting characteristics such as turbidity, low salinity,
and high nutrient concentrations [4]. The dispersal pathway of YRDW exhibits distinct
seasonal variations: During summer months, a south−easterly deflection is exhibited,
followed by a north−easterly turn [5] with its influence extending as far as Jeju Island or
the central South Yellow Sea [6]. Conversely, during winter, the YRDW predominantly
flows southward along the coast, eventually merging into the Zhejiang−Fujian Coastal
Current [7,8]. Zhu [9] found that, under the influence of wind fields and upwelling, the
diluted water of the Yangtze River can form a relatively isolated low−salinity mass in
the northern East China Sea. Its separation and outward transport process significantly
enhanced the cross-shelf transport efficiency of terrestrial nutrients and organic matter. The
ZFCW is predominantly distributed in the western nearshore region of the ECS shelf. Its
eastern boundary converges with the northward-flowing Taiwan Warm Current (TWC),
forming a distinct Zhejiang–Fujian coastal front due to significant horizontal gradients
in hydrographic properties. Conventional studies have suggested that the ZFCW and its
associated pollutants, carbon particles, freshwater, and nutrients are unable to undergo
large-scale cross-shelf offshore transport due to constraints imposed by frontal barriers and
seabed topography. Instead, they were believed to be primarily transported southward
to the Nan’ao Island area of Guangdong [10]. However, recent research has revealed the
presence of large-scale frontal instability processes (penetrating fronts) in the Zhejiang–
Fujian frontal zone. These processes have been shown to facilitate intermittent, large−scale
cross-shelf offshore transport of nutrient-rich coastal waters, exerting significant influences
on the physical-biogeochemical environment of the ECS shelf [11–14].

Yuan [11] was the first to identify large−scale, horizontally protruding cross−shelf
penetrating fronts off the Yangtze Estuary and Zhejiang coast using MODIS SST and CHL
imagery. He also confirmed the critical role of these fronts in cross−frontal and cross-shelf
water exchange through in situ hydrographic and nutrient data analysis. He [13] analyzed
8−day composite MODIS and SeaWiFS SST/CHL data (1998–2007), revealing 2–11 annual
occurrences of such penetrating fronts in this region. The frequency of these penetrating
fronts was found to be notably higher during summer and winter months than in spring
and autumn, with durations ranging from days to a month and maximum frontal lengths
exceeding 300 km. In addition, Wu’s [15] examination of MODIS chlorophyll images during
the autumn period (2003–2014) led to the identification of a recurrent autumn penetrating
front situated along 28.5◦ N–29.5◦ N, characterized by a fixed positional pattern. Yin [16]
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employed GOCI satellite TSS imagery to quantitatively reconstruct the full evolution
cycle (∼10 days) of Zhejiang coastal fronts—from submesoscale frontal waves to large-
scale penetrating fronts—documenting three developmental phases: growth, maturation,
and decay.

Current research on the offshore transport of coastal water masses in the ECS, partic-
ularly the ZFCW, remains insufficient and predominantly relies on case studies. There is
a notable lack of systematic investigation into the transport locations and pathways. To
address this gap, this study utilizes Total Suspended Sediments concentration (TSS) data
from the Korean geostationary satellite GOCI (Geostationary Ocean Color Imager). The
satellite has significant advantages in monitoring nearshore turbid water bodies. Com-
pared with polar-orbiting satellites such as MODIS/VIIRS, GOCI can more effectively
separate the radiation signals of turbid water bodies with its optimized band settings [14],
effectively reducing the mean absolute error of suspended sediment concentration (SSC)
inversion in high turbidity areas such as the Yangtze River Estuary. At the same time,
GOCI’s high-frequency observation capability (once per hour, 8 scenes per day) and more
than 80% effective data acquisition rate enable it to accurately capture the dynamic changes
in tidally driven suspended sediment [17,18], while MODIS/VIIRS’s daily coverage rate is
less than 30% [19]. Although Sentinel−3A/OLCI is superior to GOCI in the SSC inversion
accuracy of Hangzhou Bay [20], its nearly 2−day observation period is difficult to meet
the needs of short-term dynamic monitoring. In this paper, by employing positive TSS
anomalies (ΔTSS) after removing climatological means as a tracer for nearshore turbid
water masses, we systematically analyze their spatiotemporal distribution through the
spatial cumulative frequency of ΔTSS (PΔTSS). This approach aims to reveal the statistical
patterns of offshore transport processes in ECS coastal waters.

2. Data and Methodology

2.1. GOCI-TSS

The East China Sea’s coastal water masses are characterized by low salinity, rich
nutrients and high turbidity, so satellite−observed turbidity data can be used to track the
horizontal transport of these water masses. This study utilizes TSS data observed by the
GOCI as the tracer dataset. The GOCI has a spatial resolution of 500 m and a temporal
resolution of 1 h, covering a time span from 08:16 to 15:45 Beijing Time. In comparison with
polar−orbiting satellites, GOCI offers distinct advantages in its ability to monitor variations
in ocean color information from a geostationary platform, facilitating the observation of
short-term regional marine phenomena. This provides valuable data for studying the
intermittent offshore transport processes of coastal waters. Ruddick [21] conducted a
comparative analysis of GOCI and MODIS_AQUA’s Rrs and TSS products in the Bohai
Sea region. The results indicated that the TSS distribution aligned with previous research
findings. Although there is room for improvement in GOCI’s calibration, atmospheric
correction, and inversion algorithms, the existing results demonstrate that GOCI’s data
products can be effectively used to study dynamic processes in turbid waters. The TSS
data from GOCI can be downloaded from the website of the Korea Ocean Satellite Center
(https://kosc.kiost.ac.kr) accessed on 1 April 2024.

2.2. Sea Surface Wind

Sea surface winds have been demonstrated to influence the spatial distribution of TSS
by driving vertical mixing and horizontal transport [22]. Therefore, this study employs
the Cross−Calibrated Multi-Platform (CCMP) gridded sea surface wind data provided by
the Remote Sensing System to investigate the impact of wind stress on TSS distribution.
This dataset integrates buoy observations, satellite data (QuikSCAT and ASCAT), and
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ERA−Interim model outputs using a Variational Analysis Method, with a spatial resolution
of 0.25◦ and a temporal resolution of 6 h. Comparative analyses between CCMP wind
data and in situ observations show minimal discrepancies (approximately 0.5 m/s) [23],
confirming that CCMP wind data provide reliable meteorological data for studying regional
ocean dynamics. The dataset is available for download from the website: https://www.
remss.com/measurements/ccmp/ accessed on 1 April 2024.

2.3. Tide Current

Tidal-induced mixing is a crucial dynamic process responsible for the resuspension
of bottom sediments, significantly influencing the spatial distribution of TSS [24]. To
minimize interference from TSS variations caused by tidal vertical mixing in this study,
it is necessary to identify regions where tidal mixing is fully developed. This research
employs tidal current data along the Zhejiang–Fujian coast, predicted by the global tidal
model TPXO developed by Oregon State University, to calculate the Simpson–Hunter
parameter for tidal mixing [25]. Based on thresholds established in previous studies, the
boundaries of fully mixed tidal regions are delineated. The TPXO global tidal model is
a widely used tidal simulation model developed by assimilating satellite altimetry data
(e.g., TOPEX/Poseidon, Jason series) and tide gauge observations. It employs harmonic
analysis and data assimilation techniques, optimizing tidal parameters via least-squares
methods to enhance simulation accuracy. Recognized for its high precision and reliability,
the TPXO model has been extensively applied in global tidal studies, demonstrating strong
consistency with observations across various oceanic regions [26]. The model data can be
downloaded from the website https://www.tpxo.net/global accessed on 1 April 2024.

2.4. Topographic Data

The bathymetric data used in this study were obtained from the latest global seabed
and land elevation model, GEBCO_2023, released by the General Bathymetric Chart of the
Oceans (GEBCO). This dataset integrates multi−source data, including shipborne multi-
beam bathymetry, remote sensing satellite observations, sub-ice topography estimations,
and terrestrial elevation data [27,28], providing global elevation coverage at a 15-arc-second
grid resolution in meters. Its accuracy has been validated, particularly in shallow waters,
where comparisons with ICESat-2 satellite-derived seabed measurements demonstrate
excellent performance of GEBCO_2023 [28]. As such, this dataset is widely applied in ma-
rine scientific research, ocean engineering, climate modeling, and ecological conservation,
serving as a fundamental tool for analyzing oceanic and terrestrial topography [29].

2.5. Calculation of Residual Current Field

In order to analyze the influence of the ECS’s circulation system on the off-
shore transport pathways of coastal water masses, this study employed the Maximum
Cross−Correlation (MCC) algorithm [30] to derive the surface current fields along the
Zhejiang–Fujian coast from continuous TSS satellite imagery. The MCC method estimates
the displacement of surface water features between sequential satellite images. It identifies
the shift (in direction and distance) that produces the highest correlation between image
pairs, effectively capturing the horizontal movement of water masses. This approach allows
for the derivation of surface residual currents without direct velocity measurements. To
validate the reliability of the retrieved current fields, the tidal components within them were
verified using the ECS tidal current fields simulated by the FVCOM model, as presented
by Xuan et al. [31]. The M2 tidal constituent in Xuan’s model data aligns well with cotidal
charts obtained from satellite altimeter and coastal tide gauge observations, demonstrating
high accuracy in simulating the tidal current fields of the ECS and confirming the model’s
reliability. Figure 2 compares the M2 tidal ellipses extracted from the retrieved current
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fields with those from the model data. The results demonstrate a strong agreement across
most of the study area, with the exception of shallow nearshore regions, thereby indicating
the high credibility of the retrieved surface current fields. The validated current fields were
then processed by subtracting the concurrent tidal currents predicted by TPXO, yielding
the residual current fields.

Figure 2. Comparison of the M2 tidal current ellipse of the retrieved flow field (blue) and the model
flow field (red).

2.6. Calculation of Spatial Cumulative Frequency of ΔTSS

In the East China Sea, water turbidity is typically high in coastal areas and low in
offshore regions. When turbid coastal water masses are transported offshore, their TSS
values are higher than the background TSS values of the surrounding areas. Therefore,
positive TSS anomalies (ΔTSS) obtained by subtracting climatological means can serve as
tracers for the offshore transport of coastal water masses. The principle behind using ΔTSS
lies in anomaly detection. By subtracting the climatological monthly mean from hourly
TSS values, we isolate short-term turbidity increases likely linked to offshore transport
events. A pixel with ΔTSS > 0 suggests the presence of turbid coastal water moving into
clearer offshore areas. By counting the frequency of such events (PΔTSS), we derive a
statistical proxy for the intensity and recurrence of offshore transport over time. In order to
statistically analyze the spatio-temporal distribution characteristics of the offshore transport
pathways, the spatial cumulative frequency of ΔTSS (PΔTSS) was calculated in this study
using the following methodology:

Data pre-processing: To eliminate noise, TSS values greater than 100 g/m3 or equal
to 0 g/m3 were set as NaN. The monthly climatological mean TSS (CSSTmonth) was then
calculated.

Anomaly calculation: Hourly TSS satellite data were subtracted from the correspond-
ing monthly climatological mean TSS to obtain hourly anomalies (ΔTSShourly = TSShourly −
CSSTmonth) (Figure 3b). If ΔTSShourly > 0, it indicates that the TSS value at that pixel and
hour was higher than the background level, possibly due to offshore transport of highly
turbid coastal waters (Figure 3a,b). In this study, sensitivity analysis was performed on the
ΔTSShourly (Figure S1 of the support information), and the results showed that the selection
of ΔTSS values did not affect the spatial distribution morphology of the transport path in
the study area.
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Figure 3. Spatial distribution of (a) hourly TSS at 05:00, (b) ΔTSShourly at 05:00, (c) daily TSS, and
(d) PΔTSS on 2 August 2015.

Cumulative frequency calculation: For each pixel, the number (NΔTSShourly>0) of
instances where ΔTSShourly is greater than 0 was divided by the total number (Ncloud− f ree)
of cloud−free satellite images, yielding the spatial cumulative frequency of ΔTSS ( PΔTSS)
(Figure 3d):

PΔTSS =
NΔTSShourly>0

Ncloud− f ree
(1)

Using the above methodology, the climatological annual mean (PΔTSS(climatology)),
seasonal mean (PΔTSS(seasonal)), and monthly mean (PΔTSS(monthly)) spatial cumulative
frequencies of ΔTSS were calculated.

2.7. Simpson–Hunter Tidal Mixing Index

Since this study focuses on the horizontal offshore transport processes of nearshore
high−turbidity water masses, it is necessary to identify the extent of tidal mixing−dominated
zones to avoid interference from tidal−induced TSS variations in the results. This study
employs the Simpson–Hunter stratification parameter K [25] to determine the boundary of
the fully tidally mixed zone, where K = log10

(
H

U3

)
, with H representing water depth and

U denoting the characteristic tidal current velocity. This parameter has been widely used to
locate tidal fronts (i.e., the boundaries of fully tidally mixed zones). Generally, when K > 3, the
water column exhibits strong stratification, whereas when K < 1.5, it is fully mixed [16]. To
delineate the maximum influence area of tidal vertical mixing, this study selects the maximum
tidal current velocity as the characteristic tidal velocity. Following the approach of Zhao
et al. [32] in their investigation of tidal mixing fronts in the Yellow Sea and northern ECS, a
critical value of 1.8 is adopted to define the position of the tidal front.

3. Results and Discussion

3.1. Distribution Characteristics of Climatological TSS and Influencing Factors
3.1.1. Distribution Characteristics of Climatological TSS

The climatological monthly mean TSS data from May 2012 to December 2020 (Figure 4)
reveal that the coastal waters of the East China Sea exhibit a typical spatial distribution
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pattern of high TSS concentrations nearshore and low concentrations offshore. Within the
20 m isobath, TSS concentrations are generally high and show an exponential decrease
with increasing distance from the coast, nearly dropping to zero in shelf areas where water
depth exceeds 80 m.

Figure 4. (a–l) Climatological monthly mean TSS distribution from May 2012 to December 2020
(background color), with black contours indicating the 20 m, 50 m, and 80 m isobaths.

Additionally, TSS concentrations in the coastal East China Sea display pronounced
seasonal variations. In the Subei Shoal and adjacent shelf areas north of the Yangtze
River Estuary, TSS concentrations exhibit a “summer accumulation and winter transport”
temporal pattern [33]. During summer, high TSS values are primarily confined within the
20 m isobath (Figure 4i), whereas in winter, high-TSS water masses expand southeastward
to approximately the 80 m isobath on the shelf (Figure 4b). South of the Yangtze River
Estuary along the Zhejiang–Fujian coastal waters, TSS concentrations generally follow
a distribution pattern parallel to the coastline. High-turbidity coastal water masses are
confined within the 50 m isobath, forming a distinct Zhejiang–Fujian coastal turbidity front
at their boundary with low-turbidity shelf waters. In summer, the turbidity front is located
closer to the shoreline, typically near the 20 m isobath (Figure 4i), while in winter, it extends
outward to the vicinity of the 50 m isobath (Figure 4b).

3.1.2. Influencing Factors of TSS Climate State Distribution Characteristics

Previous studies have demonstrated that the distribution of surface TSS in the ECS is
primarily influenced by tidal mixing, riverine input, wind-induced stirring, and circulation
systems [33,34]. The coastal ECS is globally renowned as a strong tidal region, dominated by
semidiurnal tides. The maximum tidal amplitude of the M2 constituent exceeds 1 m, with
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tidal current velocities reaching 1 m/s. Additionally, the S2 constituent exhibits a maximum
amplitude of 0.6 m and a tidal current velocity of 0.5 m/s [35,36]. The vertical mixing
caused by the strong interaction between tidal currents and coastal topography resuspends
bottom sediments into surface waters, thereby dominating the spatial distribution of high
TSS concentrations in coastal areas. In Figure 5, the contour of 1.8 (thick black line in
Figure 5), representing the boundary of the tidally well−mixed zone [37], nearly coincides
with the boundary of climatological high-TSS regions, further confirming the dominant
role of tidal forcing in TSS distribution.

Figure 5. Distribution of the Simpson–Hunter tidal mixing parameter K, with background colors
representing the mean TSS from May 2012 to December 2020. Black contour lines denote K values of
1.5, 1.8, and 2, respectively.

Although the high-TSS distribution in the coastal East China Sea exhibits seasonal
variations characterized by onshore contraction in summer and offshore expansion in
winter [38,39], the underlying driving factors differ between the northern and southern
sides of the Yangtze estuary.

North of the estuary on the Subei Shoal, TSS seasonality is primarily governed by
vertical mixing intensity [40] and cross−shelf transport driven by the Yellow Sea Coastal
Current (YSCC) [41,42]. During summer, southerly monsoon winds weaken the YSCC [14],
thereby preventing the northward deflection of turbid coastal waters from reaching the
shelf area between the 20–50 m isobaths. Furthermore, enhanced thermal stratification has
been shown to reduce vertical mixing [37,43], thereby limiting sediment resuspension and
confining high-TSS waters to the shoreward side of the 20 m isobath. Conversely, during
winter, the northerly monsoons intensify the southward−flowing YSCC (Figure 6). When
this current deflects northward near the Yangtze estuary, it transports substantial turbid
coastal water masses onto the shelf [44]. Vigorous wind stirring and surface cooling induce
full-depth mixing within the 50 m isobath, entraining bottom sediments into the surface
layers [42,45]. This process drives the offshore expansion of high-TSS waters across the
shelf region within the 50 m isobath [46].
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Figure 6. Climatological winter (a) and summer (b) sea surface wind fields from May 2012 to
December 2020. The background color represents wind stress, with arrows indicating wind vectors.

South of the Yangtze River estuary along the Zhejiang–Fujian coast, the seasonal
variability of TSS is primarily controlled by the intensity variations in the Zhejiang–Fujian
Coastal Current (ZFCC) and the TWC. During summer, the northeastward deflection
of YRDW and the weakened southward ZFCC under southerly monsoons [47], coupled
with the significantly strengthened northward TWC [48], shift the Zhejiang–Fujian coastal
turbidity front closer to shore, typically positioned near the 20 m isobath [49–51]. In winter,
the opposite pattern emerges: the YRDW extends southward alongshore and merges with
the ZFCC, while northerly monsoons intensify the coastal current [52]. Concurrently, the
TWC experiences a weakening under the influence of monsoon forcing [53]. Consequently,
the turbidity front migrates offshore, typically located near the 50 m isobath.

3.2. Spatiotemporal Distribution of the PΔTSS

The climatological distribution of TSS (Figures 4 and 5) demonstrates that coastal
water masses in the ECS are primarily confined to nearshore areas within the 50 m isobath
throughout the year. However, the image of hourly TSS (Figure 3) reveals intermittent
offshore transport processes in this region. These processes have the capacity to transport
high-turbidity coastal water masses extensively to the shelf area. Given the higher turbidity
of coastal water masses compared to shelf water masses, the offshore transport of coastal
water can be tracked by analyzing positive TSS anomalies (ΔTSS). Furthermore, through
spatiotemporal analysis of the spatial cumulative frequency of ΔTSS PΔTSS, we can eluci-
date the distribution patterns of offshore transport pathways for coastal water masses in
the ECS.

3.2.1. The Climatological Spatial Distribution Characteristics of PΔTSS

As demonstrated in Figure 7, the climatological mean of the spatial cumulative fre-
quency PΔTSS is predominantly minimal within the 20 m isobath. Between the 20 and 50 m
isobaths, a band of high values extends from north to south, while beyond the 50 m isobath
on the continental shelf, high−value zones are mainly distributed north of 28◦ N, extending
as far as the edge of the ECS shelf. Conversely, a low-value zone is evident south of 28◦ N,
extending northwestward from the shelf break northeast of Taiwan to the area between the
50 and 80 m isobaths. Furthermore, regions influenced by the Kuroshio Current, particu-
larly along the shelf break of the ECS, generally exhibit low PΔTSS values. This suggests
that long−distance cross-shelf offshore transport of high-turbidity coastal water masses
primarily occurs in the northern ECS, reaching as far as the shelf edge, while cross-shelf
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transport in the southern ECS is largely constrained by the 50 m isobath. This phenomenon
is further corroborated by the climatological surface chlorophyll concentration distribution
in the ECS (Figure 7b). In the southeastern region, high chlorophyll concentrations are
mainly confined to nearshore areas, whereas in the northern ECS, high chlorophyll zones
extend from the coast to the shelf region.

Figure 7. (a) Climatological distribution of PΔTSS (May 2012–December 2020); (b) climatological
distribution of Chl-a (June 2002–March 2024). In (a), the black contours indicating the K = 1.8 isoline
and blue contours showing the 20 m, 50 m, and 80 m isobaths.

3.2.2. Seasonal Variability of PΔTSS Distribution

From Figure 8, it can be seen that the distribution of PΔTSS exhibits not only significant
spatial differences but also pronounced seasonal variations, characterized by higher values
in summer and lower values in winter. In winter, PΔTSS remains generally low, both in
nearshore areas within the 50 m isobath and in the shelf region beyond it (Figure 8a).
In spring, PΔTSS remains low south of 29◦ N, while it increases significantly to 0.08 in
Hangzhou Bay and the outer Yangtze River estuary north of 29◦ N, with the high-value
zone extending as far as approximately 127.5◦ E (Figure 8b). During summer, PΔTSS is
about 0.12−0.14, reaching its annual peak in the ECS, forming a high−value belt between
the 20 m and 80 m isobaths from north to south. Around 30◦ N, the high-value zone extends
beyond the 80 m isobath, reaching as far as approximately 129◦ E in the Kuroshio region
(Figure 8c). In autumn, the spatial distribution of PΔTSS is similar to that in summer, but its
overall values significantly decrease to 0.06–0.1. The high-value belt north of Hangzhou Bay
contracts within the 80 m isobath, while the high-value belt south of Hangzhou Bay retreats
within the 50 m isobath (Figure 8d). Although this study mainly focuses on the offshore
transport pathways and physical mechanisms of nearshore highly turbid waters, these
processes may also trigger important responses at the ecosystem level. Taking summer
as an example, there are the most transport channels and the widest coverage, indicating
that a large amount of nearshore water masses containing nutrients may be transported
to the shelf area. After these nitrogen− and phosphorus−rich waters enter the relatively
clear surface of the shelf, they may induce local or regional phytoplankton algal bloom
events [54], thereby changing the pattern of primary productivity [55]. In addition, the
characteristics of particulate organic carbon (POC) attached to suspended sand also make
these transport pathways potential carbon export pathways [56], which help promote the
cross−shelf carbon flux process and affect the regional carbon cycle. However, excessive
suspended matter transported to the open sea will block sunlight, inhibit photosynthesis,
and affect primary production [57,58].
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Figure 8. Seasonal distribution of the climatological PΔTSS from May 2012 to December 2020. (a) Win-
ter. (b) Spring. (c) Summer. (d) Autumn. The black contours indicate the K = 1.8 isoline and gray
contours show the 20 m, 50 m, and 80 m isobaths.

3.3. Spatial-Temporal Distribution of Offshore Transport Pathways of Coastal Water Masses

As shown in Figures 7 and 8, the spatial cumulative frequency of suspended sediment
concentration anomalies (ΔTSS), denoted as PΔTSS, exhibits pronounced spatial heterogene-
ity and seasonal variability. This reflects the highly dynamic nature of offshore transport
processes of coastal turbid water masses. To comprehensively examine the spatiotempo-
ral distribution of these offshore transport pathways, this study integrates the monthly
mean spatial distribution of PΔTSS with satellite-derived sea surface residual current fields
(Figure 9). To isolate the influence of horizontal transport, the analysis focuses on re-
gions outside the tidally well−mixed zone, delineated by the Simpson–Hunter parameter
K = 1.8 (black line in Figure 9). Persistent high-value PΔTSS zones were observed beyond
this boundary, indicating frequent offshore movement of coastal high-turbidity waters.
Source-tracking analysis was conducted on these high-value zones to identify the origin
and pathways of offshore transport, as indicated by the purple arrows in Figure 9.

Between January and June, PΔTSS values across the East China Sea (ECS) remained
generally below 0.1. In January and February, one to two offshore transport pathways
were identified along the Zhejiang and Fujian coasts between 26◦ N and 30◦ N, extending
either southeastward or northeastward. In March, PΔTSS increased significantly in the
northern ECS, from 0.02 to 0.08, particularly near the Yangtze River estuary and Subei
Shoal, with three offshore pathways emerging. These patterns largely persisted through
April, although the high-value zone of about 0.1 near 28◦ N disappeared in May, and the
number of pathways decreased to two. In June, offshore transport activity reached its
minimum, with only a single alongshore pathway forming near the tidally mixed region of
the Taiwan Strait. Transport activity intensified in July and August, with PΔTSS exceeding
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0.12 and reaching 0.16 in some areas, reaching its annual peak in the northern part of the
ECS. The High−value zones exceeding 0.12 extended to the continental shelf edge, and
the number of offshore transport pathways increased to three or four. These originated
from the Yangtze River estuary, Subei Shoal, and near 28◦ N, extending southeastward
or northeastward. In September, the number of pathways decreased to two as transport
activity declined. In November and December, offshore transport pathways were largely
absent, with only a persistent eastward pathway observed near 28◦ N.

Figure 9. (a–l) Climatological monthly mean distribution of PΔTSS from May 2012 to December 2020.
Black arrows represent the residual current field derived from satellite observations, the black line
denotes the K = 1.8 tidal mixing parameter contour, and semi-transparent purple arrows indicate
potential offshore transport pathways.

The offshore transport pathways of the Zhejiang–Fujian coastal waters exhibit clear
spatiotemporal heterogeneity, with the frequency and number of transport events peaking
in summer (up to four pathways) and dropping to a minimum in winter (one pathway).
Except for January, all identified pathways are located north of 28◦ N. Among these,
the pathway near 28◦ N is the most persistent, present in all months except May and
June. Its formation is closely linked to the dynamics of the Taiwan Warm Current (TWC).
Originating from coastal waters south of 28◦ N, this pathway is driven northeastward by
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the northward flow of the TWC, then turns eastward under the influence of its bifurcation,
eventually reaching the ECS shelf edge. An additional pathway between 29◦ N and 30◦

N occurs during February–May and August, extending eastward and reaching waters
near 126◦ E. This aligns well with the position of the penetrating front described by
Wu [15], which is typically observed under prevailing northerly monsoon conditions and
is attributed to thermocline oscillations driven by spatially uneven tidal mixing. Moreover,
a southeastward transport pathway off the north bank of the Yangtze estuary appears
in most months except January–February, June, and November–December. This finding
deviates from the traditional “summer accumulation, winter transport” paradigm of Subei
Shoal sediment dynamics. Instead, it suggests a summer−dominant transport mechanism
possibly linked to the seasonal extension of the Yangtze River Diluted Water (YRDW).
This interpretation is supported by Lie and Cho [59], who reported that the YRDW flows
northeastward then southeastward in summer after exiting the estuary, consistent with the
pathway identified in this study.

4. Conclusions

The offshore transport process of coastal water masses in the East China Sea (ECS)
plays a crucial role in supporting the regional marine ecosystem. This study employs TSS
concentration data from the Korean GOCI satellite. By analyzing the climatological distri-
bution of TSS and the spatial cumulative frequency of positive TSS anomalies ( PΔTSS), in
conjunction with satellite−derived surface residual currents, we systematically investigate
the spatio-temporal characteristics of offshore transport for coastal water masses in the
ECS. The main findings are summarized as follows:

1. Dominant spatial pattern of nearshore turbidity waters

Nearshore waters in the ECS consistently exhibit a “high nearshore, low offshore” TSS
distribution pattern. High-turbidity water masses are mainly confined within the 20–50 m
isobath range, with a clear seasonal shift—extending southeastward to the 50 m isobath in
winter and retreating shoreward to the 20 m isobath in summer.

2. Spatio-temporal heterogeneity of offshore transport patterns

The offshore transport of high-turbidity water masses shows pronounced spatial and
seasonal variability.

Seasonally, summer (June–August) is the peak transport period, featuring up to four ac-
tive pathways and the broadest spatial coverage. In contrast, winter (December–February)
is marked by only one main pathway and reduced transport frequency, while spring and
autumn display transitional characteristics.

Spatially, pathways north of 28◦ N can extend to the shelf edge (~129◦ E), indicating
relatively unobstructed offshore movement. South of 28◦ N, however, the northward
branch of the Taiwan Warm Current (TWC) acts as a physical barrier, confining transport
within the 50 m isobath.

3. Identification of persistent and seasonal transport pathways

A persistent transport pathway near 28◦ N is observed year-round (except during
May–June), likely driven by the eastward branch of the TWC. This pathway extends
northeastward to ~126◦ E, then turns eastward toward the shelf edge (~129◦ E).

Two additional seasonal pathways are identified:

• One located south of Hangzhou Bay (~30◦ N), active during February–May and
August, is likely linked to tidal-induced thermocline oscillations. Its location aligns
with the penetrating front reported by Wu [15].
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• Another located off the north bank of the Yangtze River Estuary appears exclusively
in summer and follows a southeastward trajectory consistent with the expansion of
the Yangtze River Diluted Water (YRDW). This challenges the conventional “summer
accumulation, winter transport” paradigm and highlights the significance of summer
offshore export processes in the northern ECS.

These findings provide new observational insights into the offshore transport dynam-
ics of coastal water masses in the ECS. They enhance our understanding of the spatial
structure and seasonal variability of transport pathways and carry important implications
for material exchange, nutrient cycling, and the ecological stability of the continental shelf
system. Future research should integrate numerical modeling with field observations to
better quantify the roles of various physical drivers and to improve the predictive capability
of material transport processes under evolving environmental conditions.
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Abstract: A suitable turbulence model is needed for numerical simulations to accurately
simulate the wave evolution and hydrodynamic performance of the new ecological hollow
cube. The new ecological hollow cube is an improvement upon traditional designs, as it
can grow plants to dissipate wave energy. In this study, the open-source computational
fluid dynamics (CFD) software OpenFOAM v2206 is used as the computational platform
to analyze and evaluate the numerical results of four turbulence models, i.e., the standard
k-ε, steady k-ω shear stress transfer (SST), buoyancy-corrected k-ω SST, and large eddy
simulation (LES) models, by using three mesh systems (with grid counts of 0.89, 2.92, and
8.91 million grids, respectively). Comparison of the numerical results from the four turbu-
lence models reveals that the stabilized k-ω SST turbulence model provides better results
for simulating the complex wave evolution process on the cube and effectively captures
the wave free surface. In contrast, the other models exhibit a greater grid dependency.
The stabilized k-ω SST model more accurately captures the wave run-up and reflection
coefficient better than other turbulence models do. Therefore, the stabilized k-ω SST model
is selected as the most suitable turbulence model for hydrodynamic modeling of the new
ecological hollow cube.

Keywords: numerical modeling; turbulence models; hollow cube; wave run-up; wave
reflection; computational fluid dynamics

1. Introduction

Offshore infrastructure in coastal cities is facing increasing threats from both rapid ur-
banization and a rise in severe weather events, including the destructive forces of typhoons
and storm surges. It is a major engineering challenge to protect coastal structures from
being eroded by waves [1]. In coastal engineering, armor blocks are frequently utilized
as a form of protective armor unit. Dams, embankments, seawalls, and breakwaters are
frequently shielded from wave erosion through the use of armor blocks. In particular,
based on the traditional hollow cube, the improved new ecological hollow cube has been
proven to have excellent wave dissipation [2]. It is important to protect critical coastal
infrastructure from wave erosion and impact.

Due to the complexities of wave behavior, physical model tests and numerical simula-
tions are standard techniques for analyzing how waves evolve around armor blocks and
how effectively these blocks perform under wave action [3]. However, performing physical
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model tests for armor blocks in wave flumes is expensive, and it takes time to fabricate
the blocks. Numerical simulation is important in researching armor blocks as an effective
and complementary tool. The complex hydrodynamics associated with wave interaction
over novel ecological hollow cube structures necessitates a comprehensive evaluation of
the resulting wave turbulence. To guarantee the reliability of numerical simulations that
depict wave interaction with innovative ecological hollow cubes, it is crucial to utilize an
appropriate model for turbulence during the calculation process.

Two major categories of turbulence models, RANS and LES, have undergone substan-
tial development in recent decades. Within the RANS category, several specific model types
exist, including those based on zero-equation, one-equation, two-equation, and Reynolds
stress approaches. However, this model is seldom used in practical engineering because
turbulent pulsation is neglected, and the mixing length can be easily obtained only for
simple flows. The Spalart–Allmaras model [4] is a notable instance of a one-equation
turbulence model, prized for its utility in simulating flow phenomena in aerospace and
mechanical engineering applications. Due to their versatility and relative simplicity, two-
equation turbulence models, with the k-ε and k-ω models being prominent examples, are
not only applied extensively across diverse disciplines, but also continue to be the focus
of ongoing research and enhancement efforts. In practical applications, the standard k-ε
model [5], the RNG k-ε model [6], the standard k-ω model [7], and the k-ω SST model [8] are
frequently selected as examples of two-equation turbulence models, in addition to several
other available alternatives. The classical Reynolds stress models include the k-ε model [9]
and the Wilcox k-ω model [10]. However, the Reynolds stress model is computationally
intensive and difficult to converge, so it is not widely used. In the LES turbulence model,
the larger, more energetic turbulent eddies are directly computed using a subgrid-scale
approach, while the effects of smaller, subgrid-scale eddies are represented through appro-
priate turbulence models. Within the realm of LES turbulence modeling techniques, the
Smagorinsky model [11] is a particularly celebrated and frequently employed approach.
The LES approach to turbulence modeling often proves impractical for many engineering
applications due to its intense computational requirements and difficulties in resolving
flow near solid walls. In contrast, RANS models offer a computationally affordable and
versatile alternative, making them a popular choice for a broad spectrum of engineering
problems. While the RANS model offers advantages in terms of computational efficiency, it
also exhibits recognized shortcomings in wave hydrodynamics simulations. Notably, many
researchers have documented a tendency for this model to predict excessive wave decay
and over-predict the levels of turbulent kinetic energy, resulting in results that deviate
substantially from experimental measurements [12]. Seeking to remedy the aforementioned
issues, Ref. [13] introduced a particular modification to the standard k-ω model. Recog-
nizing the tendency for the k-ω shear stress transfer (SST) model to generate artificially
high levels of turbulent kinetic energy in regions near free surfaces, Ref. [14] proposed
an improvement in the form of a buoyancy correction term [15] designed to mitigate this
issue. Recognizing that the k-ω SST model tended to overestimate turbulent kinetic energy,
Ref. [16] proposed a refinement to the model by correcting the formulation of its vortex
viscosity, a change that effectively suppressed the excessive generation of turbulence.

Obtaining trustworthy and meaningful insights from computational fluid dynamics
(CFD) simulations hinges on the careful selection and implementation of a turbulence
model that is appropriate for the specific physical phenomena under investigation. Aiming
to elucidate the hydrodynamic behavior of a sloped surf zone, Ref. [17] conducted a
series of simulations using various RANS turbulence models, and the accuracy of these
simulations was assessed by comparing the predicted results with experimental data
obtained by [18]. Based on their analysis, the standard k-ε model demonstrated a greater
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capacity to accurately simulate turbulent phenomena within the surf zone compared to the
performance of the RNG k-ε model. In their investigation, Ref. [19] compared numerical
simulations with experimental data obtained from a wave flume and found that the k-
ω SST model more accurately represented the free surface compared to the k-ε model.
Ref. [20] conducted a study to characterize the forces, velocities, and other hydrodynamic
properties of waves as they propagate past a cylindrical structure, utilizing a selection of
turbulence models to simulate the flow. The hydrodynamic characteristics of the buoyancy-
modified k-ω SST model and the stabilized k-ω SST model effectively reduce the turbulent
kinetic energy of the waves before they pass through the cylinder. However, the obtained
wave impact force is smaller than that in the experimental data. Ref. [21] studied the
wave evolution and hydrodynamic characteristics of a coral reef berm breakwater. A
comprehensive comparison of the numerical output generated by three distinct turbulence
models indicated that the stabilized k-ω SST model exhibited a superior capability in
producing consistent and accurate simulations of the complex wave propagation and
breaking processes that occur on a reef beach.

Prior investigations have employed initial physical model testing and numerical
simulations to explore the hydrodynamic characteristics of armor blocks and to gain
a better understanding of the intricate processes involved in the evolution of complex
waves. Typical approaches in the study of armour blocks, typical methods include physical
modeling tests [22] and numerical simulations [23]. In the existing literature, numerical
simulations have often been limited to the application of a single turbulence model, such
as the standard k-ε, the standard k-ω, or the stabilized k-ω SST formulation. Furthermore,
these studies have not typically addressed the important issue of grid sensitivity, meaning
they have not evaluated whether the results are influenced by the size and spacing of the
computational cells used in the simulation. To the authors’ knowledge, there is no relevant
work on the comparative hydrodynamic characteristics of a new ecological hollow cube
using different turbulence models, which is used as the research condition in this study,
and its hydrodynamic characteristics are comparatively investigated by four different
turbulence models.

This paper is organized as follows: Section 2 presents the numerical model setup.
Section 3 describes the new ecological hollow cube, numerical model meshing, and data
postprocessing of wave run-up and the reflection coefficient. Section 4 evaluates the effects
of grid and turbulence modeling on various parameters of the hydrodynamic model, such
as the relative wave run-up and reflection coefficient. Section 5 presents the summary and
conclusions of this research.

2. Numerical Model

2.1. Governing Equations

The olaFlow, a two-phase solver, conducted the numerical model of the new ecological
hollow cube. Ref. [24] developed the computational module IHFOAM as a platform, which
was later developed into olaFlow [24]. As one of the extended solvers for OpenFOAM
v2206, olaFlow uses the finite volume method (FVM) for the numerical discretization of
the Reynolds-averaged Navier–Stokes (RANS) equations and relies on the volume of fluid
(VOF) approach to accurately represent the interface between two distinct fluid phases.
It can effectively handle structures with complex shapes and various wave interactions.
Furthermore, it incorporates sophisticated wave generation and active absorption boundary
algorithms [25], contributing to both a decrease in computational expense and an increase
in the precision of the simulations. Considering the complexity of the new ecological
hollow cube, olaFlow is chosen as the computational platform in this study. In order to
reduce the computational cost of the simulations, a variable time-stepping scheme was
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employed. Furthermore, to maintain numerical stability and accuracy, the Courant number,
a measure of numerical diffusion, was kept below a value of 0.25.

2.2. Turbulence Models

To determine the applicability of different turbulence models in simulating the hy-
drodynamic characteristics of new ecological hollow cubes, the standard k-ε model, the
stabilized k-ω SST model, the buoyancy-modified k-ω SST model, and the LES model were
initially used in this study. Ref. [2] conducted a series of physical modeling experiments
for new ecological hollow cubes, and Ref. [26] conducted numerical simulations adopting
the RNG k-ε turbulent model. Despite the satisfactory agreement between numerical and
experimental results, the RNG k-ε turbulence model was not employed in this investigation
due to its slow convergence and prohibitive computational expense in large-scale simula-
tions. Ultimately, this study utilizes only four turbulent models: the standard k-ε model,
the stabilized k-ω SST model, the buoyancy-modified k-ω SST model, and the LES model.

2.2.1. Standard k-ε Model

The standard k-ε turbulence model assumes that the flow is fully turbulent and that
the eddy viscosities are isotropic, so the model applies to a flow field that fully develops
into a turbulent state. The two equations for k and ε are as follows:
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k2

ε
(3)

The constants C1ε, C2ε, Cμ, ∂k, and ∂ε involved in this turbulent model were calibrated
by fitting a large amount of turbulence test data, as listed in Table 1.

Table 1. Reference values of the coefficients in the k-ε turbulence model.

Coefficient Cμ σK σε C1ε C2ε

Value 0.09 1 1.30 1.44 1.92

2.2.2. Stabilized k-ω SST Model

To mitigate the excessive increase in turbulent energy and eddy viscosity within the
fluid domain, [16] explored the implementation of both buoyancy and eddy viscosity
corrections within the framework of the k-ω SST model [8]. The subsequent equations of
the stabilized k-ω SST model are presented below:
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Within this particular turbulence model, the correction factor αβs, used in the buoyancy
term Gb, is assigned a value of 1.36. Subsequently, the calculation of turbulent viscosity
proceeds as follows:

vt = a1k/max(a1ω, F2
√

P0, a1λ2
β

β∗a
P0

PΩ
ω) (6)

where the stress limitation factor λ2 is 0.05, P0 = 2SijSij,PΩ = 2ΩijΩij, and the average
rotation rate tensor Ωij =

(
∂ui/∂xj − ∂uj/∂xi

)
/2.

2.2.3. Buoyancy-Modified k-ω SST Model

Building upon the foundation of the k-ω SST model [8,14] engineered a variant that
accounts for buoyancy, resulting in a buoyancy-modified k-ω SST model, which avoids
excessive turbulent kinetic energy at the gas–liquid interface by introducing a buoyancy
correction term. The k and ω equations are as follows:
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F1 is defined as:
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where y represents the distance to the closest solid boundary. The dynamic eddy viscosity,
denoted as μt, is then calculated by the following:
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where term αβs represents the buoyancy correction factor, and its standard value is set
to 1.176.

2.2.4. LES Model

The LES (large eddy simulation) technique is employed to model turbulence, while
the volume of fluid (VOF) method is used to track the boundary between the liquid and
gaseous phases. The continuity equations of this model can be written as follows:
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where ρ represents the mass density; ν represents the kinematic viscosity; xi represents the
coordinate component; ui represents the filtered velocity; gi represents the gravitational
acceleration (i = 1, 2, 3); p represents the filtered pressure; and the tensor of the fluid strain
rate Sij is denoted as (i, j = 1, 2, 3):

Sij =
1
2

(
∂ui
∂xj

− ∂uj

∂xi

)
(15)

Eddy viscosity, denoted as vt, was calculated using the one-equation model developed
by [27].

vt = CtΔ
√

ks (16)

where Δ represents the characteristic size of the computational grid, and the subgrid kinetic
energy, denoted as ks, is then calculated as follows:

∂ks

∂t
+ uj

∂ks

∂xj
= τij

∂ui
∂xj

− ∂

∂xj

(
τijui
)
+

∂

∂xi

(
v
Pr

∂ks

∂xi

)
+ Cε

ks
3/2

Δ
(17)

with coefficients Ck = 0.094, Cε = 0.916, and Pr = 0.9.

3. Geometric Model, Mesh, and Post Processing

3.1. The New Ecological Hollow Cube

The new ecological hollow cube is transformed from the traditional hollow cube.
On the basis of traditional hollow cubes with a raised frame and appropriate digging
down to form a planting groove, nine cavities are arranged in the planting groove for
wave dissipation. The geometry and dimensions of the block are visually presented in
Figure 1. Its wave dissipation properties stem from the generation of turbulent vortices
as waves enter the interconnected chambers within the block structure during their run-
up on the slope. These vortices interact with the chamber walls, resulting in significant
energy losses and effective wave attenuation. This new cube design provides a trifecta of
advantages: high porosity, strong wave dissipation performance, and excellent structural
stability, making it a promising solution for coastal protection.

(a) Front View (b) Side View (c) Top View

Figure 1. Schematic diagram of the new ecological hollow cube (unit: mm).

3.2. Mesh

A three-dimensional numerical wave flume was designed, with the goal of accurately
reproducing the experimental setup presented in Figure 2. To achieve this, the compu-
tational domain was configured with a length of 25.9 m, a height of 1 m, and a width of
0.08 m. The breakwater was positioned 24.7 m from the inlet boundary, mirroring the
breakwater-wavemaker spacing in the experimental setup described by [2]. Three wave
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gauges (WG1, WG2, and WG3) used for incident wave analysis were defined at the exact
locations used in the laboratory experiments. In addition, three wave gauges (G1, G2, and
G3) were used in the numerical model to measure the wave surface changes. Nonslip
boundary conditions were applied to all modeled impermeable structures, including the
breakwater, cubes, and the flume bottom. At the atmospheric boundary, a fixed pressure
was maintained, permitting bidirectional airflow while restricting water flow to an outflow
condition only. The computational mesh was generated using blockMesh and snappy-
HexMesh, specifically for the breakwater and the cube structures. Within the OpenFOAM
framework, blockMesh and snappyHexMesh are used as mesh generation tools. blockMesh
was initially used to create the base mesh, considering the overall structure. Subsequently,
snappyHexMesh was used to refine the mesh resolution in the vicinity of the free surface
and around the cube structures.

Figure 2. Layout of the numerical wave flume.

A nonuniform mesh is used in the mesh generation process of the numerical model
to simulate the wave propagation process effectively and the interaction between the
wave and the structure. In Figure 3, the mesh near the water-air interface and around the
structure was relatively dense, whereas the mesh in other areas was relatively loose. The
number of meshes would be large (nearly 89 million grids would be needed to simulate
the new ecological hollow cube in the experiment entirely) if the mesh around the armor
block were generated on the basis of the configuration used in the physical modeling tests
(flume width 0.8 m). Therefore, to simplify the calculations and improve computational
efficiency, only one row of armored blocks was installed on the sloping breakwater, which
is a numerical model that was fully verified in the study of [26]. Notably, Ref. [28] also
used the one-row block method for their study and achieved good accuracy. The number
of grids used in this study ranged from 891,844 (Mesh I), 2,922,119 (Mesh II), to 8,909,544
(Mesh III), from coarse to dense, respectively. Table 2 provides an overview of the mesh
characteristics, including the total cell count and the smallest grid spacing in each spatial
dimension (x, y, and z) for the three different grid configurations used in this study. Table 3
shows the wave conditions used for the numerical studies.
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Figure 3. Mesh of the numerical wave flume: (a) side view, (b) free surface, (c) cube and breakwater.

Table 2. Grid number and grid size in the computational domain.

Grid Information Cell Number (Million)
Minimum Size in the x, y, and z

Direction (m)

Mesh-I 891,844 0.005 × 0.005 × 0.005
Mesh-II 2,922,119 0.0025 × 0.0025 × 0.0025
Mesh-III 8,909,544 0.00125 × 0.00125 × 0.00125

Table 3. Wave conditions in the numerical simulation.

Test No. Water Depth (m) Period (s) Wave Height (m)

Wave-I
0.3

2.46 0.08
Wave-II 1.79 0.06
Wave-III 1.12 0.04

3.3. Boundary Conditions

Inlet and outlet boundaries apply OlaFlow active generation and absorption bound-
aries. Non-slip velocity conditions are included for the flume bottom, blocks, and breakwa-
ter. The upper boundary, i.e., the atmosphere, is treated as an open boundary where water
and air can leave the domain but only air may enter the domain again. The side boundaries
are specified as periodic boundaries.

3.4. Post Processing of the Wave Run-Up and Reflection Coefficient

In Figure 2, three wave gauges, WG1, WG2, and WG3, were placed in front of a
new ecological hollow cube to obtain reflection coefficients. In accordance with [29], the
incident and reflected waves were separated. The proposed relationships are shown in
Equations (18) and (19).

X12=
L0

10
(18)

L0

6
< X13<

L0

3
and X13 
= L0

5
and X13 
= 3L0

10
(19)

where X12 is the distance between wave gauges WG1 and WG2, X13 is the distance between
wave gauges WG1 and WG3, and L0 is the shallow wavelength. According to the water
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depth at the breakwater, the wavelengths corresponding to different wave periods at
different water levels are calculated via Equation (20).

L0=
gT2

2π
tanh(2πh/L) (20)

In this study, wave reflection is quantified by the reflection coefficient Cr:

Cr =
Hr

Hi
(21)

where Hi [m] and Hr [m] are the incident and reflected wave heights, respectively.
In Figure 4, the wave run-up height was obtained by placing a plurality of probes

near the surface of a new ecological hollow cube. Each probe is associated with a single
computational cell, positioned at the cell’s centroid. The alpha water of the cell was
recorded with each probe (alpha water indicates the percentage of water contained in the
cell). For regular waves, the height of the run-up is usually expressed as Ru2%, defined as
the height of the run-up exceeded by 2% of the incoming wave [30]. After analysis, the
value of alpha water = 0.1 was used as the run-up height Ru2%. The probes with alpha
water = 0.1 at all moments are counted, and the maximum value of the vertical coordinate
of all the probes that satisfy the condition of the wave run-up height Ru2% is taken. For
ease of understanding, Ru2% is denoted by R below.

Figure 4. Probe to capture the wave run-up height.

4. The Results and Discussion

4.1. Wave Height and Period

In Figure 5, to validate the accuracy of numerical simulations, the numerically sim-
ulated wave features for all selected conditions were carefully compared with the corre-
sponding target wave features. Figure 5b presents the results of the comparison between
the numerically simulated and target wave periods, and it can be observed that there is a
high degree of consistency between the two, which shows excellent agreement, and the
quantitative metrics show that the mean absolute percentage error (MAPE) is only 0.68%.
These findings indicate that the numerical model used in this study is highly reliable for
wave height prediction. However, there are some deviations between the numerically
simulated wave periods and the experimental measurements in Figure 5a. Specifically, the
numerical model underestimates the wave heights with an average absolute error (MAPE)
of 6.9%. The MAPE value is defined as follows:

MAPE =
1

ntests

(
Htar − Hnum

Htar

)
*100% (22)
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where ntest is the number of tests on which the root mean square error (RMSE) is based.
Htar is the target value, and Hnum represents the numerical value measured by the
numerical model.

Figure 5. Comparisons of the numerical model and target incident height and period. (a) Incident
wave height. The light gray areas depict the 10% error, and the dark gray areas depict the 5% error.
(b) Incident wave period. The light gray areas depict the 2.5% error, and the dark gray areas depict the
1.25% error. The diamond, triangle, circle, and square markers represent the standard k-ε, stabilized
k-ω SST, buoyancy-corrected k-ω SST, and LES, respectively. Green, blue, and red represent Mesh I,
Mesh II, and Mesh III, respectively.

This error may be a run-up from the following aspects. First, the numerical model
may fail to adequately capture the complex nonlinear effects or dissipation mechanisms in
the wave propagation process, resulting in the wave energy not being correctly attenuated
in the simulation. Second, the limitations of the grid resolution and the choice of the
time step may also impact the wave period’s simulation accuracy. Therefore, although
the numerical model exhibits satisfactory accuracy in wave period prediction, the pre-
diction of wave height still needs to be further improved, and more refined numerical
methods and parameter settings need to be explored in future studies to improve the
overall simulation accuracy.

In Figure 5a, most data points fall in the dark gray region (within 5% error), indicating
that all turbulence models better predict the incident wave heights. Overall, the perfor-
mances of all the models in terms of incident wave heights are relatively close and show
that the grid resolution has a small effect on the wave heights. In Figure 5b, most data
points fall in the dark gray region (within a 1.25% error), indicating that all turbulence mod-
els predict the incident wave period more accurately, with little or no bias. The differences
between different turbulence models (shapes) are negligible, and the differences between
different grids (colors) are small, suggesting that the incident wave period is less sensitive
to grid and model selection.

4.2. Validation of Numerical Model

The numerical model’s accuracy was assessed by comparing its predictions of wave
run-up height and reflection coefficients against experimental data, focusing on a block
structure under various incident wave conditions. Figure 6 presents the comparison, specif-
ically detailing the results obtained using two turbulence models: the stabilized k-ω SST
model and the RNG k-ε model. The simulations were conducted using Mesh II. Quantitative
comparison reveals that the stabilized k-ω SST model yields more accurate results.
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Figure 6. Comparison of experimental and numerical wave run-up and reflections (stabilized k-ω
SST and RNG k-ε). (a) Relative wave run-up; (b) reflection coefficients.

Figure 6a presents the “Wang et al. [26] (RNG k-ε)” data points (black squares) which
are scattered around the diagonal line, but generally tend to overestimate the measured val-
ues (they lie above the diagonal line). The “Stabilized k-ω SST” data points (red circles) are
generally below the diagonal, which means it is underestimating the R/H ratio. The root
mean square error (RMSE) for wave run-up was 0.10914 for the stabilized k-ω SST model
and 0.11114 for the RNG k-ε model. Figure 6b presents the both data sets (“Wang et al. [26]
(RNG k-ε)” and “Stabilized k-ω SST”) which appear to be clustered much closer to the
diagonal line, indicating better agreement between the numerical simulations and the
measured data compared to Figure 6a. The data points are less scattered and more concen-
trated around the diagonal, suggesting higher accuracy in the numerical predictions for Kr.
Similarly, the RMSE for wave reflection coefficients was 0.02109 for the stabilized k-ω SST
model and 0.02799 for the RNG k-ε model. These values demonstrate that the numerical
model, when implemented with the stabilized k-ω SST turbulence model, exhibits a better
correlation with the experimental data, particularly in accurately predicting both wave
run-up. Both models (RNG k-ε and stabilized k-ω SST) show very good agreement between
the numerical and measured Kr values (Figure 6b). The choice of turbulence model (RNG
k-ε and stabilized k-ω SST) has a greater impact on the accuracy of R/H ratio predictions
than on Kr prediction.

4.3. Wave Profile Evolution

To obtain reliable numerical results, a comparative numerical modeling result under
three different grid systems (Mesh I, Mesh II, and Mesh III) is performed, and three typical
wave conditions (Wave-I, Wave-II, and Wave-III) are used. First, the time histories of
the wave profiles at G1, G2, and G3 are comparatively analyzed under four different
turbulence models (standard k-ε, stabilized k-ω SST, buoyancy-modified k-ω SST, and LES).
G1 is located in the open sea in the fluid domain; G2 is in front of the breakwater; and G3
is in the front part of the breakwater. Notably, the wavefronts of the different turbulence
models for both Wave-I and Wave-II conditions are very close to each other, so only the
wavefronts of Wave-III are analyzed in this section (the RMSEs for Wave-I and Wave-II
were 2.2154 × 10−5 and 6.16985 × 10−5, respectively). The numerical results using the
standard k-ε, stabilized k-ω SST, buoyancy-modified k-ω SST, and LES turbulence models
shown in Figure 7 indicate that there is significant nonlinearity after 30 s in the wave profile
results at G1, G2, and G3 obtained via different grids. Overall, Figure 7 shows that the
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waves exhibit regular periodic fluctuations, and the results simulated with different grid
densities are relatively close in most cases (the RMSE values for Mesh I and Mesh II, Mesh
II and Mesh III are 6.13131 × 10−5, 6.56766 × 10−5, respectively), indicating good grid
convergence. The wave profiles simulated with the standard k-ε, buoyancy-modified k-ω
SST, and LES models show a slight decrease in wave height on three different grid systems
(the RMSE values were 1.35112 × 10−5, 2.12065 × 10−5, 2.00269 × 10−5). In contrast, the
wave profiles obtained with the stabilized k-ω SST model maintain good consistency (the
RMSE value is 0.17832 × 10−5), with almost no wave height drop observed, suggesting
better stability and grid independence under this condition.

Figure 7. Comparison of wave profiles at locations G1, G2, and G3 from numerical model test results
under different turbulence models at Wave-III (third wave condition, Table 3).

To observe the numerical results under different turbulence models and grids more
clearly, we select the time histories of the wave heights of G1, G2, and G3 in one period
for comparison, focusing on evaluating their performance in capturing the free surface.
In Figure 8, for Wave-I, the results of the standard k-ε model, the buoyancy-modified k-ω
SST model, and the LES model are significantly correlated with the grid (the RMSE values
for Mesh I and Mesh II are 6.13131 × 10−5, 6.56766 × 10−5, respectively). In contrast,
the correlation of the stabilized k-ω model is not significant (the RMSE value for Mesh I
and Mesh II is 3.91784 × 10−5). For both Wave-II and Wave-III, the grid dependence is
insignificant for the stabilized k-ω model, standard k-ε model, buoyancy-modified k-ω SST
model, and LES model. The stabilized k-ω model outperforms the standard k-ε model, the
buoyancy-modified k-ω SST model, and the LES model in reliably capturing the free surface,
which shows higher accuracy and reliability in simulating the wave free-surface flow.
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Figure 8. Comparison of wave profiles in one period when different turbulence models are adopted
for Wave-II (second wave condition, Table 3).

4.4. Wave Run-Up

In practical engineering applications, wave run-up heights help in understanding the
interaction between waves and structures. In addition, wave run-up heights are valuable
for the placement and maintenance of critical infrastructure and for ensuring the safety
of people in coastal areas. In Table 4, considering the influence of wave conditions on
wave run-up heights, three groups of probes were designed in this study: P1, P2, and P3
(Figure 9). Therefore, a more accurate numerical model evaluation is achieved by selecting
sounding points at different locations to ensure that sufficient variability data are available
for different wave conditions.

Table 4. Position of the probes.

Label Coordinates (x, z, y) (cm)

P1 (x = 0.74525, z = 0.004, y = 0.40512)
P2 (x = 0.7515, z = 0.004, y = 0.40825)
P3 (x = 0.7565, z = 0.004, y = 0.41075)

Figure 9. P1, P2, and P3 point maps.
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This study examines the simulation results of different grids and turbulence models
(standard k-ε, steady k-ω SST, buoyancy-modified k-ω SST, and LES) for wave run-up
heights (alpha water) at each point from P1 to P3 under different wave conditions (Wave-I,
Wave-II, and Wave-III) by comparing and analyzing the results. Under Wave-I and Wave-II
conditions, the alpha water values of the grids are in good agreement overall (the RMSEs
for Wave-I and Wave-II are 7.3621 × 10−5 and 8.7849 × 10−5, respectively). The results
show that in Figure 10, under Wave-III conditions, the alpha water is more sensitive to the
grids, and the models are less consistent among different grids, but all of them can capture
the maximum value of alpha water better, among which the stable k-ω SST model can
capture more alpha water values and shows a prediction advantage (the RMSE value of
stable k-ω SST under Mesh I and Mesh II is 0.000362). However, there is an overestimation
of the alpha water values in Mesh I at 25–35 s. Under Wave III conditions, the simulated
alpha water values of Mesh I are generally higher than those of the other grids, especially
the standard k-ε and LES models (the RMSE values of standard k-ε and LES models are
0.00166, 0.00125 for Mesh I and Mesh II, respectively), which are more significant. These
findings emphasize the influence of grid resolution and turbulence model selection on the
simulation results of wave run-up heights, particularly the dominance of the stabilized k-ω
SST model in predicting alpha water.

Figure 10. Comparison of alpha water on new ecological hollow cubes with different turbulent
models under different grids in Wave-II (second wave condition, Table 3).

To analyze the effects of different turbulence models, wave conditions, and grid
resolutions on the wave run-up height in detail, the time histories of one cycle at each mea-
surement point from P1 to P3 are selected for comparison in this study. In Figure 11, all four
turbulence models exhibit significant grid dependence under different wave conditions,
and this dependence is more significant the farther the measurement point P is from the
structure. However, the consistency of the alpha water content over time is poor under
different models and conditions, especially when the measurement point P is farther from
the structure (e.g., P3). Overall, the alpha water parameter is more sensitive to the grid in
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the wave run-up calculation. The difference in the results between different turbulence
models is not apparent. However, the results are related to the location of the measurement
point: the closer the measurement point is to the structure, the smaller the dependence of
the results on the grid, and vice versa, the dependence increases, which indicates that the
effects of the turbulence model, the grid resolution, and the location of the measurement
point need to be considered comprehensively in simulating the height of the wave run-up.

Figure 11. Comparison of alpha water in one period with different turbulence models at P1, P2, and
P3 during Wave-III (third wave condition, Table 3).

4.5. Wave Velocity Distribution and Dynamic Pressure Fields

Figure 12 shows the velocity distributions and pressure fields of different turbulence
models (stabilized k-ω SST, standard k-ε, buoyancy-modified k-ω SST, and LES) on the new
ecological hollow cube under Mesh III. Since the velocity distribution and pressure field of
steady k-ω SST and standard k-ε are very close to each other, only the velocity distribution
and pressure field plots of steady k-ω SST are given in Figure 12. The results show that
the pressure fields of all four models tend to increase in pressure near the cube, and the
overall pressures of the stabilized k-ω SST and buoyancy-modified k-ω SST models are
slightly greater than those of the other models in terms of the velocity distribution. The
stable k-ω SST and standard k-ε models behave similarly. Tiny vortices are present on the
surface of the wave block and the front of the wave concentrate velocities. The k-ω SST
model shows smaller eddies and velocities in the vicinity of the eddies. The LES model
exhibits more pronounced wave surface undulations, reflecting the excessive generation of
turbulent kinetic energy. This latter reflection leads to wave energy attenuation affecting
in turn the wave surface and wave motion. The stabilized k-ω SST, standard k-ε, and
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buoyancy-modified k-ω SST models can better solve the problem of turbulent kinetic
energy generation and produce a smoother free surface.

Figure 12. Velocity distributions (left column, including (a,c,e)) and pressure fields (right column,
including (b,d,f)) near the blocks (Wave-III, Mesh III).

The velocity distributions and pressure fields of different turbulence models (stabilized
k-ω SST, standard k-ε, buoyancy-modified k-ω SST, and LES) on the new ecological hollow
cube under Mesh III are shown in Figure 13. The results show that the velocities of the
stabilized k-ω SST and standard k-ε models are mainly concentrated on the surface of the
new ecological hollow cube during wave run-up. In the wave run-down phase, the four
models have similar characteristics. However, the free-surface velocity distributions of
the stabilized k-ω SST and standard k-ε models are larger. In comparison, the velocity
distributions of the buoyancy-modified k-ω SST model are smaller and smoother. In
contrast, the LES model has a larger free-surface velocity distribution and more dramatic
surface undulations. Overall, the free-surface velocity distributions of the stabilized k-ω
SST model are very close to those of the standard k-ε model in the wave run-up and run-
down phases. The buoyancy-modified k-ω SST model has the most minor and smoothest
free-surface velocity distributions. The suggest that the different turbulence models present
different flow field characteristics when simulating free-surface flows.
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Figure 13. Run-up (left column, including (a,c,e)) and run-down (right column, including (b,d,f))
near the blocks (Wave-III, Mesh III).

4.6. Sensitivity Analysis of the Wave Run-Up and Reflection Coefficient

In order to assess the influence of grid resolution on the numerical solutions, the
extrapolated relative error (ERE) and grid convergence index (GCI) were computed to
quantify the discretization error [31]. In this context, ‘s’ denotes the characteristic grid size
for the numerical model:

s = [
1
N ∑N

i=1 (ΔVi)]
0.5

(23)

where ΔVi is the volume of the ith cell and N is the total number of cells.
For the grid independence study, three different grid resolutions were implemented at

the free surface: s1 = 0.005 m, s2 = 0.0025 m, and s3 = 0.00125 m. Here, ‘s’ denotes the grid
size, and the subscripts 1, 2, and 3 correspond to grid partition schemes Mesh I, Mesh II,
and Mesh III, respectively.

The GCI is defined as follows:

GCI21 =
1.25e21

rn
21 − 1

(24)
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where

e21 =

∣∣∣∣Ψ1 − Ψ2

Ψ1

∣∣∣∣ (25)

n =
1

lnr21
|ln(δ32/δ21) + q(n)| (26)

q(n) = ln(
rn

21 − p′

rn
32 − p′ ) (27)

p′ = Sign(δ32/δ21) (28)

Here, δ32 = Ψ3 − Ψ1, δ21 = Ψ2 − Ψ1, r21 = s2/s1, and r32 = s3/s2. The variable Ψ
represents the numerical solution obtained on a given grid. The function “Sign” refers
to the sign function. Based on these definitions, the solution is expected to demonstrate
either monotone convergence or divergence when p′ = 1, and oscillatory convergence when
p′ = −1.

The extrapolated value is

Ψ21
ext = (rn

21Ψ1 − Ψ2)/(rn
21 − 1) (29)

Moreover, the ERE is

ERE21 =

∣∣∣∣∣Ψ21
ext − Ψ1

Ψ21
ext

∣∣∣∣∣ (30)

Table 5 shows in detail the discretization errors of the relative wave run-up and
reflection coefficients of the new ecological hollow cube for three different wave conditions
(Wave-I, Wave-II, and Wave-III) as well as for four turbulence models (e.g., standard
k-ε, stabilized k-ω SST, buoyancy-modified k-ω SST, and LES). The results show that the
discretization errors for the four turbulence models exhibit a high degree of consistency
across the three wave conditions: the highest error values are generally found in the Wave-I
condition, whereas the lowest values are found in the Wave-III condition. This trend
suggests that wave conditions significantly impact the accuracy of numerical simulations,
with Wave-I representing the most complex wave dynamics scenario, leading to large
uncertainties in model predictions. The stabilized k-ω SST turbulence model exhibits
relatively better performance in terms of discretization error, and its predictions are in
better agreement with the experimental data. These results suggest that the stabilized k-ω
SST model may be a more robust and efficient choice for wave interaction simulations for
this type of ecological hollow cube. However, other turbulence models may also exhibit
acceptable accuracy in specific cases. To evaluate the performance of each turbulence model
more comprehensively, it still needs to be considered in conjunction with other factors
(e.g., computational cost and model robustness) and further explored in subsequent studies.

To better understand wave run-up, wave reflection coefficients are important because
wave reflection affects the sea state and can impede safe navigation [32]. In addition,
increased scour due to a high reflection coefficient can affect the stability of coastal struc-
tures [33]. Figure 14 shows the relative wave run-up and reflection coefficients when
different turbulence models are used. Under the same wave conditions, the relative wave
run-up heights derived from the four different turbulence models increase with decreasing
grid size, and the reflection coefficient decreases with decreasing grid size. The differences
in the wave rise heights and reflection coefficients for different grids are shown in Figure 15,
which reveals that the wave run-up height and reflection coefficient of the new ecological
hollow cube have some grid dependence. The RMSE value is defined as follows:
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RMSE =

√
∑ntests

i=1 (Kmeasured − Knumerical)2

ntests
(31)

where ntest represents the number of experimental or simulation runs used to calculate
the root mean square error (RMSE). Kmeasured is the experimentally measured value, and
Knumerical represents the numerical value measured by the numerical model.

Figure 14. Comparison between the different mesh and turbulence models (a) R/H and (b) Cr.

Table 5. Analysis of the discretization error.

Type Partition Scheme Values Wave-I Wave-II Wave-III

Standard k-ε

Mesh I
R/H 1.75000 1.60125 1.57000

Cr 0.27773 0.26991 0.28575

Mesh II
R/H 2.15667 2.04667 2.03125

Cr 0.46507 0.44991 0.461

Mesh III
R/H 2.58219 2.51781 2.45969

Cr 0.67653 0.69569 0.71023

Ψ21
ext

R/H −7.02350 −6.11255 −4.45310

Cr −1.17734 −0.22264 −0.12940

ERE21
R/H 1.25% 1.26% 1.35%

Cr 1.24% 2.21% 3.20%

GCI21
R/H 6.27% 6.02% 4.80%

Cr 6.55% 2.28% 1.82%

Stabilized k-ω SST

Mesh I
R/H 1.64688 1.56875 1.58438

Cr 0.26136 0.25905 0.27081

Mesh II
R/H 2.12125 2.06667 1.95933

Cr 0.45292 0.43634 0.431241

Mesh III
R/H 2.5575 2.45625 2.39813

Cr 0.67056 0.6798 0.68706

Ψ21
ext

R/H −3.78187 −0.22172 −0.61746

Cr −1.14567 −0.21597 0.05407

ERE21
R/H 1.44% 8.08% 3.57%

Cr 1.23% 2.20% 4.16%

GCI21
R/H 4.12% 1.43% 1.74%

Cr 6.73% 2.29% 1.01%
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Table 5. Cont.

Type Partition Scheme Values Wave-I Wave-II Wave-III

Buoyancy-modified k-ω
SST

Mesh I
R/H 1.58438 1.57688 1.77188

Cr 0.26432 0.28003 0.26852

Mesh II
R/H 2.02667 2.01458 2.08667

Cr 0.44362 0.45617 0.4583

Mesh III
R/H 2.48969 2.41406 2.49975

Cr 0.68529 0.69106 0.68056

Ψ21
ext

R/H −0.84036 −0.25113 −0.24806

Cr −7.85221 −2.99801 0.76371

ERE21
R/H 1.32% 2.05% 2.13%

Cr 1.20% 1.53% 1.32%

GCI21
R/H 5.16% 2.44% 2.36%

Cr 7.45% 3.63% 0.71%

LES

Mesh I
R/H 1.61875 1.61563 1.61563

Cr 0.27988 0.28047 0.28308

Mesh II
R/H 2.05125 2.08708 2.04583

Cr 0.46338 0.45438 0.45369

Mesh III
R/H 2.46969 2.47188 2.44406

Cr 0.665 0.6878 0.6991

Ψ21
ext

R/H −11.25289 −3.74310 −0.47801

Cr −1.57841 −0.22776 −0.10606

ERE21
R/H 1.14% 1.43% 4.38%

Cr 1.18% 2.23% 3.67%

GCI21
R/H 9.94% 4.15% 1.62%

Cr 8.30% 2.27% 1.72%

Figure 15. Comparison between the numerical and experimental (a) R/H and (b) Cr. The light gray
areas depict the 30% error, and the dark gray areas depict the 15% error.

Wave run-up and reflection have been extensively studied through both experimental
and numerical approaches [34]. However, few works have discussed the grid sensitivity
of wave run-up and reflection coefficients. Therefore, the comparative analysis of the
wave run-up height and reflection coefficients of the new ecological hollow cubes with
different turbulence models for different grid systems derived in this section is informative.
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Moreover, turbulence models that are not available in this study or more precise grid sizes
can be used for further research to obtain more credible results.

5. Conclusions

This study presents a comparative analysis of hydrodynamic modeling of the new
ecological hollow cube, utilizing the open-source solver olaFlow as the computational
platform, with three mesh systems and four RANS turbulence models. The characteristics
of wave evolution on the new ecological hollow cube, including wave run-up, velocity
distribution, pressure fields, and reflection coefficients, were comprehensively compared.
The key findings of this study are summarized as follows:

(1) The stabilized k-ω model demonstrates superior performance in capturing wave
evolution on the new ecological hollow cube. The wave profiles simulated with
the standard k-ε, buoyancy-modified k-ω SST, and LES models show a slight de-
crease in wave height on three different grid systems (the RMSE values were
1.35112 × 10−5, 2.12065× 10−5, 2.00269 × 10−5). In contrast, the wave profiles ob-
tained with the stabilized k-ω SST model maintain good consistency (the RMSE value
is 0.17832 × 10−5), with almost no wave height drop observed, suggesting better
stability and grid independence under this condition.

(2) The parameter “alpha water” is more sensitive to the grids, and the models are less
consistent among different grids, but all of them can capture the maximum value of
alpha water better, among which the stable k-ω SST model can capture more alpha
water values and shows a prediction advantage (the RMSE value of stable k-ω SST
under Mesh I and Mesh II is 0.000362).

(3) The pressure fields predicted by all four turbulence models are generally similar, with
higher pressures observed near the new ecological hollow cube. The stabilized k-ω
and buoyancy-modified k-ω SST models predict slightly higher overall pressures
compared to the standard k-ε and LES models. Regarding velocity distributions, the
stabilized k-ω and standard k-ε models show very similar patterns. The LES model,
however, exhibits excessive turbulent kinetic energy generation. The stabilized k-ω,
standard k-ε, and buoyancy-modified k-ω SST models are better suited for mitigating
this issue of excessive turbulence kinetic energy production, resulting in smoother
free-surface representations.

(4) The numerical results for the new ecological hollow cube exhibit some grid depen-
dence. The analysis of discretization errors across the four turbulence models reveals a
high degree of consistency across the three wave conditions. The highest error values
are consistently observed under the Wave-I condition (the average GCI21 values for
wave run-up and reflection were 6.3725 and 7.2575, respectively), while the lowest
error values are found under the Wave-III conditions (the average GCI21 values for
wave run-up and reflection were 2.63 and 1.315, respectively).

This study focused on numerical model calculations and corresponding physical
model tests conducted under regular wave conditions. Future research should inves-
tigate the influence of irregular waves on cube performance. Additionally, this study
employed a simplified slope breakwater and did not account for the complexities of break-
waters in real-world engineering scenarios. This aspect warrants further investigation in
future work.
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Abbreviations

Cr Reflection coefficient [-]
RMSE Root mean square error [-]
R Wave run-up height related to regular waves [m]
Ru,2% Wave run-up height exceeded by 2% of incident waves [m]
Ru,2%/H Relative run-up [-]
T Wave period
Tm−1,0 Spectral wave period [s]
L Wavelength in deep water based on T (=gT2/2π) [m]
Lm−1,0 Spectral wavelength in deep water (=gTm−1,0

2/2π) [m]
g Acceleration due to gravity [m/s2]
H Wave height for regular waves [m]
Hm0 Incident spectral significant wave height at the toe of the structure [m]
h Water depth at toe of the structure [m]
ξ Breaker parameter (regular waves) (=tan α/(H/L)0.5) [-]
α Angle between structure slope and horizontal [◦]
ERE Extrapolated relative error
GCI Grid convergence index
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Abstract

Tidal inundation is a key factor determining the structure and function of estuarine salt
marsh ecosystems. However, due to the influence of microtopography (small-scale to-
pographic variations), the fine-scale spatial variations in tidal inundation have not been
fully studied. To fill this research gap, this study focuses on the Luanhe Estuary—a region
highly sensitive to topographic changes—and explores in depth the physical mechanisms
regulating tidal inundation in this area. The study integrates long-term data from the
Sentinel-1 Synthetic Aperture Radar (SAR) and Sentinel-2 Multispectral Instrument (MSI),
spanning the period from 2016 to 2025, to construct a high-resolution time series dataset
of Apparent Inundation Frequency (AIF). Subsequently, this dataset is correlated with a
high-precision microtopographic Digital Elevation Model (DEM) obtained through Un-
manned Aerial Vehicle (UAV) surveys. The analysis reveals a strong nonlinear relationship
between AIF and topographic elevation, which is best described by an exponential decay
model (R2 = 0.903). The results show that the average inundation probability in the study
area has shown a fluctuating but overall upward trend, increasing from 16.74% in 2016 to
29.02% in 2025 (peaking at 31.39% in 2024). Quantitative modeling confirms that micro-
topography is the primary controlling factor for fine-scale variations in tidal inundation
levels. The integrated research approach proposed in this study provides a reliable frame-
work for coastal vulnerability assessment. Against the backdrop of increasingly severe
impacts from climate change and human activities, the high-resolution quantitative data
generated by this study provides scientific support for formulating disaster mitigation and
geomorphological management strategies.

Keywords: microtopography; salt marsh; apparent inundation frequency (AIF); UAV
remote sensing; multi-source remote sensing; tidal inundation frequency

1. Introduction

Estuarine salt marsh ecosystems are globally recognized for their critical ecosystem ser-
vices, including carbon sequestration, coastal stabilization, and the preservation of unique
biodiversity [1,2]. Among the environmental drivers shaping these habitats, tidal inunda-
tion is predominant in shaping vegetation zonation and eco-physiological processes [3–5].
This influence stems from the direct effects of tidal inundation on plant growth, which oper-
ates by modifying soil oxygen concentrations, salinity, and nutrient availability. Traditional

Water 2025, 17, 3559 https://doi.org/10.3390/w17243559
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evaluations of inundation stress typically utilize low-resolution, regional tidal or hydro-
logical indices (e.g., average inundation frequency or tidal range), which inherently fail to
capture the pivotal, fine-scale influence of microtopographic elevation in governing local
hydrological exposure gradients [6]. In gently sloping coastal environments, vertical eleva-
tion differences of only a few centimeters establish the critical hydro-stress gradients that
dictate fine-scale zonal differentiation within marsh vegetation. The increasing complexity
of inundation regimes under global sea-level rise and hydrological variability underscores
the need for spatially refined, physically based analyses [7]. Significant progress has been
made in satellite-based flood inundation mapping, with Sentinel-1 SAR and Sentinel-2
MSI imagery enabling systematic monitoring of surface water dynamics through robust
classification algorithms and water indices [8–12]. Concurrently, UAV-photogrammetry has
revolutionized topographic mapping by generating centimeter-resolution DEMs that cap-
ture microtopographic variations with unprecedented detail [13,14]. Studies have begun to
integrate satellite-derived inundation data with UAV-DEMs to analyze coastal hydrology,
and the fundamental nonlinear relationship between elevation and inundation frequency
has been empirically established in various wetland environments [15–17]. However, these
integrations have predominantly focused on qualitative assessments or statistical associ-
ations within discrete topographic units, rather than developing a quantitative physical
model that captures the explicit functional relationship—particularly the exponential de-
cay pattern—between long-term Apparent Inundation Frequency (AIF) and continuous
microtopographic elevation. Extensive global research has examined the effects of tidal
inundation on coastal geomorphology and hydrological dynamics [18–20]. Foundational
studies have consistently identified inundation frequency and elevation as the primary
determinants of physical zonation and stability within intertidal lowlands/salt marshes.
More recently, in response to heightened concerns regarding climate change and sea-level
rise, research has increasingly focused on detailed, quantitative characterization of inunda-
tion patterns, recognizing that subtle hydrological variations exert significant influence on
sediment transport, flood risk propagation, and landscape evolution [21,22].

Global research into extensive estuarine wetlands, particularly in large, low-relief
deltaic systems worldwide, has consistently substantiated the pivotal constraining influence
of inundation cycles and water depth on regional safety considerations and engineering
design parameters [23–25]. For example, investigations in China, such as those in the
Yangtze and Yellow River deltas, clearly highlight this critical relationship. Nevertheless, a
critical research deficiency persists regarding the Luanhe Estuary. This estuarine system,
situated along the western shoreline of the Bohai Sea, is distinguished by its predomi-
nantly low-relief terrain and microtopographically heterogeneous coastal landscape. A
pressing knowledge gap remains–the lack of a quantitative, mechanistic understanding
of how centimeter-scale microtopography regulates the long-term inundation frequency
gradient within the Luanhe Estuary—particularly under the profound influence of anthro-
pogenic subsidence, a pervasive threat that exists in many major deltas. Fundamentally,
the absence of quantitative analyses that elucidate the definitive physical mechanisms
through which the microtopography-driven exposure gradient and the long-term Apparent
Inundation Frequency jointly govern hydrological risk and geomorphological dynamics
is central to this research gap. Unlike previous studies that relied on short-term obser-
vations or coarse-resolution global DEMs (e.g., SRTM), this research establishes a novel
framework by integrating a decadal (2016–2025) high-frequency Sentinel-1/2 time series
with centimeter-precision UAV LiDAR data. This unique multi-source fusion allows for
the unprecedented quantification of fine-scale ‘elevation–inundation’ mechanisms that are
invisible to traditional regional assessments.
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Our study seeks to address this identified research gap by focusing on the inundation
processes characteristic of the Luanhe Estuary. This will be achieved through a systematic
analysis and integration of long-term, multi-source remote sensing datasets (Sentinel-1/2),
facilitating the development of a robust, high spatiotemporal resolution time series prod-
uct that characterizes the Apparent Inundation Frequency and its temporal evolution
over the period 2016–2025. Subsequently, this dataset will be rigorously integrated with
high-precision microtopographic elevation data derived from UAV surveys to delineate
and quantify the microtopography-driven exposure gradient. By constructing a rigorous
quantitative model linking the temporal inundation data with microtopographic elevation,
the study aims to empirically validate the dominant regulatory role of microtopography in
shaping the hydrological risk gradient and to identify critical elevation thresholds that de-
marcate distinct physical zones. The anticipated contributions of this research are twofold.
First, it will provide a dynamic evaluation of long-term inundation risk trends, thereby
furnishing quantitative evidence of escalating hydrological pressures. Second, it will of-
fer a precise quantitative elucidation of the physical regulatory mechanisms by which
microtopography governs fine-scale exposure gradients, culminating in a DEM-based
analytical tool for hydrological security assessment and flood risk mapping. Ultimately,
this investigation is expected to deliver robust, fine-scale theoretical foundations to inform
the development of scientifically grounded strategies for coastal disaster mitigation, hydro-
logical security enhancement, and regional geomorphological management in the context
of ongoing climate change.

2. Materials and Methods

2.1. Study Area

This research examines the Luanhe Estuary region in northern China, which includes
the alluvial plain, estuarine delta, and extensive coastal intertidal mudflats (Figure 1). The
area is characterized by substantial sediment deposition from the Luanhe River, leading to
the formation of well-developed depositional landforms such as river mouth bars, intertidal
mudflats, and elongated lagoons that transition into flat tidal marshes during ebb tide. The
estuarine zone constitutes a low-relief coastal plain (elevation 1–15 m) characterized by
an extremely gentle gradient (~1/3000 to 1/6000). This makes the coastal environment
sensitive to centimeter-scale topographic variations and prone to inundation. Subject
to a temperate monsoon climate, the estuary experiences an irregular semidiurnal tidal
regime with a relatively small tidal range (0.88 m), reinforcing the dominance of fine-
scale elevation control over local hydrology. The region supports distinctive salt marsh
vegetation communities dominated by Phragmites australis, Suaeda salsa, and Tamarix
chinensis, underscoring the intricate interplay between local hydrological conditions and
these ecologically sensitive coastal habitats. Given geomorphological uncertainties caused
by climate change and intensified anthropogenic activities, a comprehensive evaluation of
inundation dynamics, specifically the absolute physical influence of microtopography, is
paramount for regional water security and coastal risk management.
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Figure 1. Location and geomorphological setting of the Luanhe Estuary study area.

2.2. Data Sources

This study adopts a multi-source data integration approach to investigate the long-
term regulatory mechanisms of microtopography. The datasets used primarily consist of
three components.

Satellite Imagery. A continuous time series of Sentinel-1 SAR and Sentinel-2 MSI
imagery from 2016 to 2025 were used to calculate the long-term Apparent Inundation
Frequency. All satellite data were preprocessed on the Google Earth Engine (GEE) cloud
platform, including radiometric calibration, atmospheric correction, and orthorectification.

UAV Survey Data. The core topographic and surface information data were obtained
from a comprehensive UAV survey conducted in August 2025. The survey utilized two
platforms: (1) the DJI Matrice 350 RTK (SZ DJI Technology Co., Ltd., Shenzhen, Guangzhou
China) equipped with a South SA130 LiDAR system for acquiring high-precision laser
point clouds and true-color imagery; and (2) the DJI Mavic 3 (SZ DJI Technology Co., Ltd.,
Shenzhen, Guangzhou China) Multispectral for simultaneous collection of multispectral
data. The acquired data were processed using Pix4D software (1.1.38-64bit, Pix4D S.A.,
Prilly, Switzerland) to generate a Digital Elevation Model with a spatial resolution of
0.5 m. The vertical accuracy of this DEM was validated against RTK-GPS ground control
points, achieving a root mean square error (RMSE) of less than 5 cm. The concurrently
acquired high-resolution multispectral orthomosaics provided an independent validation
benchmark for the satellite-derived water classification results.

Ground Observation Data. A tidal record at 10 min intervals was collected from a
temporary tidal station established within the study area to calibrate the instantaneous
water boundaries derived from remote sensing.

Statistical analyses for all datasets, including the fitting of the exponential decay model
between AIF and elevation, were performed using Python (Python 3.12, PSF) with the
Scipy library. Detailed information on each data source is summarized in Table 1.
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Table 1. Research Data Inventory and Sources.

Data Type Data Source Spatiotemporal Resolution Notes

Sentinel-1 SAR ESA Copernicus Hub 10 m/6 Days Time Series: 2016–2025; Preprocessed
on GEE

Sentinel-2 MSI ESA Copernicus Hub 10 m/5 Days Time Series: 2016–2025; Preprocessed
on GEE

UAV DEM DJI M350 RTK + South
SA130 LiDAR 0.5 m (Spatial) Acquired: August 2025; Processed

with Pix4D; Verified by RTK-GPS

UAV Multispectral
Orthomosaic

DJI Mavic 3
Multispectral 0.5 m (Spatial)

Acquired: August 2025; Serves as
validation benchmark for

water classification

Tidal Gauge Data Temporary Tidal Station 10 min intervals Used for short-term water
boundary calibration

2.3. Methodology
2.3.1. Extraction of Inundation Water from Remote Sensing Imagery

Distinct water extraction procedures were developed for SAR and optical imagery to
utilize their complementary advantages.

For SAR data (Sentinel-1), the extraction utilized the characteristically low backscat-
ter of water bodies. Following standard preprocessing (radiometric calibration, speckle
filtering, and geocoding), water classification was achieved using an adaptive threshold
segmentation approach based on the historical mean distribution of the backscatter co-
efficient (σ0). An initial threshold (e.g., σ0 < −18 dB) was applied, and morphological
operations (opening and closing) were subsequently performed to suppress noise and
generate the final binary water mask. For optical imagery (Sentinel-2), water extraction
relied on the Modified Normalized Difference Water Index (MNDWI) [26–29]. After atmo-
spheric correction and cloud masking, MNDWI was computed and an initial threshold of
MNDWI > 0.1 was used for preliminary classification. To ensure optimal accuracy, both
thresholds were refined using UAV-derived 0.5 m resolution orthomosaics as benchmark
data. A stratified random sampling design (200 points per class) was applied, and the
thresholds were iteratively adjusted to maximize classification accuracy. The final thresh-
olds (σ0 < −18 dB for Sentinel-1 and MNDWI > 0.1 for Sentinel-2) yielded overall accuracies
of 94% and 93%, and Kappa coefficients of 0.88 and 0.86, respectively, demonstrating high
reliability for long-term AIF calculation.

Following atmospheric correction and cloud masking, the MNDWI was computed and
initially classified using an empirical threshold (MNDWI > 0.1). To maximize classification
accuracy, the threshold was rigorously optimized against high-resolution UAV orthomo-
saics, which served as an independent validation benchmark. Coastline prior knowledge
(CPK) was also incorporated to effectively reduce false positive detections.

The CPK was applied to restrict water extraction results within the predefined wetland
boundary. A spatial constraint mask (CPKMask) was created by generating a double-sided
buffer zone with a 2.5 km offset on each side of the wetland boundary. This mask was
then intersected with the initial water classification results (WaterInitial) using a Boolean
AND operation, effectively excluding all pixels located outside the wetland area. The final
optimal thresholds (σ0 < −18 dB for Sentinel-1 and MNDWI > 0.1 for Sentinel-2) were de-
termined through a robust iterative optimization process. This process employed stratified
random sampling (drawing 200 validation points) and a comprehensive assessment of key
accuracy metrics, including Overall Accuracy, Kappa Coefficient, and Producer’s/User’s
Accuracy, thereby ensuring the high reliability of the derived water masks.
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2.3.2. Temporal Coordination and Tidal Normalization for AIF Calculation

The calculation of the AIF demands robust temporal coordination and explicit normal-
ization of the instantaneous tidal-stage differences inherent in decadal satellite archives.
Although Sentinel-1 and Sentinel-2 acquisitions are neither mutually synchronized nor
tide-locked, all SAR and MSI images are treated as independent random samples of the
instantaneous inundation state. First, each image timestamp is paired with the contempo-
raneous water level recorded by a temporary tide gauge (10 min intervals) to compute its
deviation ΔH = Hobs − Hmean from the annual mean sea level at the moment of over-flight.
Second, an astronomical six-harmonic model, fitted to the 2016–2025 gauge observations,
is used to identify and exclude storm-surge extremes (|ΔH|> 0.5 m), thereby mitigating
event-related bias.

For the remaining 425 scenes (combined from both Sentinel-1 and Sentinel-2), an
annual quota-sampling scheme is applied where exactly 12 images per year are selected,
mandating a 4:4:4 ratio of low, mean and high-tide levels, yielding 120 images in total.
This quota ensures the final time series is uniformly distributed across all tidal phases
(Kolmogorov–Smirnov test, p = 0.18). Consequently, the influence of any single instanta-
neous tide is statistically averaged, and the resulting AIF is independent of the specific
tidal phase at acquisition. Thus, the combined “ΔH-filter + quota-sampling” mechanism
serves as an explicit tidal-phase normalization, transforming the random temporal stack
into a stable, time-integrated hydrological metric that reliably characterizes the long-term
exposure of microtopography to the full range of tidal cycles.

2.3.3. Integration of Multiple Data Sources and Computation of Flood Exposure Frequency

To generate a composite water observation sequence characterized by high spatiotem-
poral density, this study devised a synergistic analysis framework integrating Sentinel-1
(S1) and Sentinel-2 (S2) data, and performed a quantitative assessment of the apparent
inundation frequency. By harmonizing the spatial resolution and coordinate reference
systems of the water masks derived from Sentinel-1 and Sentinel-2, the datasets from
both sensors were fused to produce a robust and continuous composite water observation
time series. The AIF serves as a critical metric for quantifying the extent of hydrological
exposure. It is defined as the ratio between the number of instances in which a given pixel
is classified as inundated and the total number of valid observations recorded for that pixel
over a specified temporal interval:

AIF(x, y) =
∑N

i=1 Oi(x, y)
Ntotal

(1)

where Oi(x,y) is the binary water mask for the i-th image (1 for inundated, 0 for non-
inundated), and Ntotal is the total number of valid observations [30].

2.3.4. Microtopography-Driven Mechanism and Long-Term Inundation Modeling

This study establishes a quantitative methodology to link microtopography with long-
term hydrological exposure in salt marsh systems. The approach utilizes high-resolution
elevation data (H) derived from UAV-DEM as the primary independent variable to predict
the long-term AIF. Due to the inherent nonlinear and threshold-driven nature of intertidal
hydrodynamics, the relationship between elevation and inundation is complex. This com-
plexity is physically manifested across three distinct geomorphological zones. One is a
lower platform where submergence is near constant and elevation-insensitive. Another is
an upper platform where inundation is sparse and residual. Critically, the third is a steep
slope zone crossing the mean high tide threshold, where small increments in elevation lead
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to a sharp and rapid decline in AIF. This highly sensitive region necessitates a specialized
nonlinear model to accurately capture the physical constraint of topography on hydrology.

To model this critical physical constraint—the swift, exponential decay of inundation
probability with increasing elevation in the transition zone—we employed an exponential
decay nonlinear regression function. This specific functional form is designed to precisely
quantify the rate at which inundation exposure drops off. The exponential decay model
was selected because it effectively captures the rapid, nonlinear decrease in inundation
probability as elevation increases across the critical mean high tide threshold, which aligns
with our field observations. The established model is expressed as

AIF = A × e−B·H + C (2)

where A represents the maximum frequency amplitude, B serves as the decay constant
characterizing the topographic sensitivity, and C accounts for the baseline residual fre-
quency. The appropriate choice of this model is key to translating the geomorphological
structure of the marsh into a robust hydrological metric.

The model fitting process involved extracting a large dataset of paired AIF and eleva-
tion (H) observations exclusively from the low-elevation study region (ranging from 0 m
to 5 m) where the hydrological activity is most significant. By calibrating the exponential
decay function with these real-world data points, we successfully establish a statistically
significant and physically plausible relationship and validate the model using the 10-
fold-cross-validation method. The resulting Exponential AIF-Elevation model provides a
powerful, topography-driven framework for dynamic vulnerability assessment and is an
essential tool for predicting and mapping long-term inundation exposure across the entire
study area based solely on microtopographic variations.

2.3.5. Critical Thresholds and Hotspot Delineation

To translate the continuous AIF–Elevation model (Equation (2)) into practically rel-
evant management zones, this study defines three discrete elevation thresholds used to
guide the identification of critical areas within the coastal zone.

The Erosion Hotspot Threshold (Herosion) is defined as the elevation where AIF ap-
proaches its maximum value A (e.g., AIF > 95% of A), and this threshold marks the low
mudflat zone subject to near-constant submergence. The Inundation Sensitive Transition
Threshold (Hcritical) is determined mathematically by the inflection point (where the slope

changes most rapidly) of the fitted function ( d2(AIF)
dH2 = 0). This key point represents the

Primary Marsh Transition Boundary and is identified as the key point for amplified in-
undation risk due to its highest sensitivity to elevation changes. Finally, the Upper Tidal
Limit Threshold (Hupper) is defined as the elevation where AIF drops to a minimal residual
frequency (e.g., AIF ≤ 5%), which indicates the upper boundary of regular tidal influence.

Based on the above physical constraints, we extracted the following Four Types of
Hotspot Areas to guide detailed management and intervention strategies. The Coastal
Erosion Hotspot Zone is located below Herosion; this is the area of most intense tidal scour,
requiring prioritized erosion control. The Increased Inundation Frequency Hotspot Zone
is concentrated near the Hcritical threshold. This sensitive strip is most vulnerable to sea-
level rise and subsidence, requiring focused hydrological risk monitoring. The Ecological
Restoration Hotspot Zone is the region situated between Herosion and Hcritical. The hydro-
logical conditions here are optimal for halophytic vegetation growth, specifically including
areas with automatically increased inundation extent after retired aquaculture or optimized
artificial water systems, making it the primary target for vegetation recovery. Finally, the
Low Inundation Frequency Zone is located above Hupper. This area is under minimal
hydrological stress, serving as a stable platform reference or for low-risk development.
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Through the precise identification of these critical elevation thresholds, this study
provides a scientific basis for disaster prevention planning, ecological restoration, and
vulnerability assessment of the Luanhe Estuary coast.

3. Results

3.1. Analysis of Inundation Exposure Trend (2016–2025)

The annual mean AIF over the Luanhe estuarine mudflats exhibited persistent fluctua-
tions and an overall upward trajectory from 2016 to 2025 (Figure 2). After a relatively stable
period in 2016–2019, values rose rapidly, peaking at 31.39% in 2024 before easing slightly
to 29.02% in 2025. These long-term gains quantitatively demonstrate the accumulating
hydrological pressure on the intertidal system.

Figure 2. Temporal trend of the annual mean AIF from 2016 to 2025.

Quantitative results indicated that the average annual inundation exposure fluctuated
significantly. Across all flood frequency levels (0–25%, 25–50%, 50–75%, 75–100%), the
minimum average annual proportion of inundation was 14.83% (2017), while the maximum
average annual proportion reached 31.39% (2024). This large-scale escalation in inundation
risk aligns closely with the broader trend of increasing hydrological instability along the
North China coastline during the same timeframe, as well as with anticipated sea-level rise
impacts associated with global climate change.

The analysis of saltmarsh inundation trends revealed distinct phased characteris-
tics, highlighting the dynamic evolution of driving forces across different time intervals.
(1) Relatively Stable Period (2016–2019). During this initial period, the total proportion of
inundation exposure fluctuated at low levels, specifically between the minimum of 14.83%
(2017) and the maximum of 17.63% (2018). This phase was predominantly influenced by
normal tidal cycles and average hydrological conditions, resulting in a relatively gradual
increase in exposure. (2) Rapid Rising and Peak Value Period (2020–2024). The inundation
exposure showed a rapid and sustained escalation throughout this phase. The exposure
escalated from 17.42% in 2020 to reach its highest recorded peak of 31.39% in 2024, as
clearly demonstrated by the time series analysis. This rapid escalation in exposure reflects
the compounded effects of multiple factors. (3) Post-Peak Stable Period (2025). The flood
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exposure range experienced a slight decline from the 2024 peak, stabilizing at a persistently
elevated level of 29.02% in 2025. This suggests that while local interventions may have
achieved localized success, overall pressures continue to maintain the region’s inundation
exposure at a level significantly higher than the baseline observed in 2016.

To ascertain that tidal water level remains the primary determinant of instantaneous
fluctuations in inundation area, even after accounting for long-term average frequency,
a comprehensive analysis was performed using 18 Sentinel-1 (S1) images acquired be-
tween June and September 2025. The time series analysis (Figure 3a) demonstrates a
distinct positive correlation between the percentage of inundated area and tidal level; for
instance, the observation on 1 August recorded a tidal level of 1.8 m alongside an inun-
dation area approaching 25%. The relationship was modeled using a quadratic function,
Y = 9.86x2 − 10.38x + 9.33 (Figure 3b) with an R2 value of 0.42. Given that this analysis
captures only short-term transient changes, which inherently differ from the influence of
long-term mechanisms like microtopography, a lower R2 value is considered reasonable.
This model substantiates that tidal fluctuations are the principal driver of instantaneous
variability in inundation extent. Importantly, the nonlinear character of the model, indicated
by the positive quadratic coefficient, implies that the rate of increase in inundation area
accelerates as tidal levels rise. This accelerated nonlinear response to small tidal increases
suggests a heightened sensitivity of the mudflats, which is consistent with the expected im-
pacts of reduced intertidal elevation caused by regional pressures like ground subsidence.

(a) (b) 

Figure 3. Tidal Level and Inundation Response (June–September 2025). (a) Time series of inundation
area and tidal level; (b) Nonlinear relationship and quadratic fit.

3.2. Spatial Variation and Hotspot Analysis of Saltmarsh Inundation Exposure

The exposure to saltmarsh inundation within the study region demonstrates consid-
erable spatial heterogeneity and temporal variability (Figure 4). This marked variation
underscores the necessity for implementing a more nuanced, risk-based zoning approach
in managing inundation exposure.
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(a) (b) 

Figure 4. The comparison of mean inundation frequency annual variation (2016–2025). (a) the annual
mean flood frequency. (b) the annual total inundated area.

On average, the annual inundation frequency (Mean Area) for the entire study area
exhibited a substantial and accelerated increasing trend during the 2016–2025 period, con-
sistent with the observed overall expansion of inundation exposure. A detailed examination
of inundation frequency trends across various sub-regions highlights significant disparities
in vulnerability and underlying causal factors.

(1) Hotspot 1&2—Moderate Fluctuation Zones: Northwest Corner of River Bank and
Southeast Corner of River Bank. These zones exhibit moderate to considerable variabil-
ity in inundation frequency throughout the observation period, a pattern intensified by
erosional dynamics. Hotspot 1 (Northwest Corner) reached a peak inundation frequency
of approximately 29.79% in 2024 before experiencing a slight decline to 24.33% in 2025.
Hotspot 2 (Southeast Corner) also saw a peak of 14.25% in 2024. Variations in inundation
within these areas are highly sensitive to processes such as erosion, sediment transport, and
inter-annual hydrological fluctuations. Consequently, these zones represent secondary risk
areas that warrant ongoing surveillance to anticipate and mitigate potential risk escalation
and geomorphological deterioration.

(2) Hotspot 3—High-Frequency Inundation Exposure Area: Targeted Ecological
Restoration Zone (Eastern North Bank). The inundation frequency trajectory within this
region demonstrates a pronounced and persistent upward trend. The frequency has esca-
lated markedly from 30.96% in 2016 to a decadal peak of 77.25% in 2024, with projections
indicating stabilization at a critically elevated level near 72.34% in 2025. This sustained
and substantial increase in inundation exposure does not represent a conventional ecolog-
ical risk intensification; rather, it represents the deliberate and intended outcome of the
“farmland/aquaculture-to-wetland” policy enacted in this area. High-frequency inundation
is an essential prerequisite for the establishment of the targeted tidal wetland ecosystem. Al-
though this zone is the predominant contributor to the overall regional increase in exposure,
its character is that of a planned ecological restoration rather than an emergent hazard
necessitating immediate disaster mitigation.
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(3) Hotspot 4—Successful Risk Mitigation Area: Western North Bank. In this sector,
inundation frequency has undergone a rapid decline from an initial high of approximately
38% in 2016 to a minimal level near 3.76% by 2020. Following the implementation of eco-
logical restoration interventions in 2023, exposure levels have shown slight fluctuation,
stabilizing around 8.55% in 2025. This marked and sustained reduction in inundation
risk (relative to the initial 38% in 2016) quantitatively evidences the efficacy of restora-
tion initiatives. Engineering strategies, particularly those involving microtopographical
adjustments and hydrodynamic restoration, have effectively enhanced the region’s hydro-
logical connectivity and substantially augmented its capacity to buffer against tidal and
inundation events.

(4) Hotspot 5—Stable Low-Risk Area: River Island Center. The inundation frequency
in this area rapidly decreased from 12.36% in 2016 to approximately 1.46% in 2020, thereby
establishing a consistently secure zone for several years. Although a modest increase was
observed toward the end of the monitoring period (reaching about 2.25% in 2025), the area
continues to be classified as low risk overall, attributable to its elevated geomorphological
characteristics.

3.3. The Correlation Between Flooding Frequency and Microtopographical Features

The microtopography of intertidal mudflats constitutes the primary physical determi-
nant influencing both the likelihood and duration of submergence. As shown in Figure 5,
lower elevations correspond directly to increased inundation frequency, where deep blue
areas (high MNDWI values, indicating water or high saturation) are generally distributed
in topographically lower regions, such as tidal creeks and the edges of water bodies. This
fundamental relationship enables the use of inundation frequency data obtained via remote
sensing to accurately reconstruct high-resolution DEMs.

 

Figure 5. UAV-based MNDWI image of the Luan River Estuary intertidal mudflats and its typical
microtopographic features. Sub-figure (a) illustrates the established tidal creeks within the repair
area; (b) depicts the fragmented zone with exacerbated coastal erosion; and (c,d) showcase typical
tidal creek systems.

By observing zones like the mudflat restoration area (a), the erosional discontinuity
zone (b), and the tidal creeks (c) and (d) in Figure 5, the definitive controlling role of micro-
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topography on exposure patterns is clearly established. The deep blue areas (representing
high inundation frequency or water bodies) correlate closely with specific topographic fea-
tures (like tidal creeks and depressions), while lighter areas (representing lower inundation
frequency or higher terrain) correspond to the mudflat surface. Empirical analyses con-
sistently reveal a significant inverse correlation between inundation frequency and DEM
elevation, further substantiating microtopography as the predominant factor governing
inundation risk.

The unequivocal association between inundation patterns and geomorphological fea-
tures is clearly demonstrated. Areas exhibiting high-frequency inundation (e.g., zones with
frequencies exceeding 50%) are predominantly concentrated within the tidal ditch system,
along channel margins, and on internal beach surfaces situated in estuarine depressions.
These represent the lowest-lying geographic units characterized by the most frequent
hydrodynamic interactions.

Moreover, microtopographic variations exert a profound influence on hydrological
connectivity. For instance, in the southeastern sector of the river island (Region d), the
presence of five characteristic tidal creeks markedly intensifies erosion processes and
contributes to the expansion of inundated areas. Similarly, the western sector of the river
island (Region b) experiences severe erosion, which directly results in significant coastline
retreat and further enlargement of the inundated zones.

Quantitative regional differentiation data further substantiate these observations
by highlighting the pronounced spatial heterogeneity of inundation exposure, which
closely corresponds to relative elevation disparities. For example, the “North Bank East”
region (Hotspot 3) exhibits an inundation frequency as high as 72%, in stark contrast
to the markedly lower frequency of approximately 3% recorded in the “River Island
Center” area (Hotspot 5). This pronounced disparity exemplifies the dominant role of
microtopography in governing local hydrological conditions. Additionally, these findings
imply that under conditions of minimal slope, even slight topographic variations—on the
order of a few centimeters in elevation—can exert a disproportionately significant effect on
local hydrodynamic behavior and inundation risk.

3.4. Model Robustness and Prediction Accuracy Validation

To evaluate the generalization ability and predictive robustness of the AIF–Elevation
Model, this study employed the 10-fold cross-validation method. We randomly divided the
AIF-elevation dataset used for model fitting into ten subsets and performed ten iterative
training and validation cycles.

The validation results showed that the model’s average Root Mean Square Error
(RMSE) was 0.023, and the average Mean Absolute Error (MAE) was 0.018. These low error
metrics confirm that the exponential decay model not only exhibits a high goodness-of-fit on
the training set but also possesses excellent predictive accuracy and robust generalization
ability on independent elevation–AIF datasets.

4. Discussion

4.1. Evolution of Inundation Risk Under Macro Drivers and Nonlinear Accumulation

The observed increase in inundation risk from 2016 to 2025 resulted from the combined
effects of multiple drivers, including sea-level rise due to climate change, anthropogenic
modifications of landforms, and natural tidal dynamics [31]. Data indicate that the annual
average inundation exposure ratio of the intertidal mudflats in the Luanhe River estuary
exhibited a fluctuating yet overall upward trend during this period, rising from a minimum
of 14.83% in 2017 to a peak of 31.39% in 2024. This trend aligns with documented increases
in hydrological instability along the North China coastline [32]. Notably, risk accumulation
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followed a nonlinear trajectory, displaying phased characteristics influenced by multiple
interacting factors.

Human-induced land subsidence dominates relative sea-level rise (RSLR) in the Lu-
anhe delta and is the single largest driver of the observed surge in AIF. Since the 1990s,
sustained groundwater overdraft beneath the Luanhe estuary coast has lowered the land
surface by up to 120 mm yr−1 in the fastest-subsiding cells [33]; when combined with
the global absolute sea-level rise of 3.7 mm yr−1, this yields a local RSLR rate of ~30 mm
yr−1—an order of magnitude above the global mean. The 2024 peak inundation-exposure
ratio of 31.39% is therefore a direct geodetic fingerprint of this subsidence-driven RSLR [34].
Simultaneously, upstream reservoir retention and inter-basin water transfers have reduced
sediment delivery to <20% of pre-dam levels, stripping the intertidal platform of its natural
ability to accrete and offset the combined effects of RSLR and compaction. The result is
a self-reinforcing cycle of elevation loss, shoreline retreat, and amplified extreme water
exposure across the delta [35,36].

Long-term monitoring data further reveal distinct nonlinear characteristics in the
accumulation of inundation risk across different elevation zones. Over the past decade,
all monitored low-elevation areas showed a significant increase in inundation frequency.
Particularly, the extremely low-elevation zone (≤0.5 m) experienced the steepest growth
rate, with an annual average increase of 0.0370 per year—approximately double that of the
higher elevation zone (≤2 m), which had a growth rate of 0.0179 per year. This pattern
indicates that the superposition of macro-level factors—such as relative sea-level rise and
climate change—significantly amplifies the vulnerability of low-lying areas. Despite the
implementation of ecological restoration projects between 2022 and 2023, the inundation
exposure area remained high at 29.02% in 2025, underscoring the continued dominance
of macro-hydrological pressures, including tidal influence, climate change, and ongoing
subsidence [37].

Tidal dynamics represent the dominant natural factor influencing variations in salt
marsh inundation extent. Tidal activity regulates key hydrological parameters—inundation
frequency, duration, and depth—which directly affect the growth patterns and spatial dis-
tribution of salt marsh vegetation [38,39]. Short-term observations from June to September
2025 confirmed that tidal level remains the primary control on instantaneous inundation
area fluctuations. A quadratic relationship between tidal level and inundation area reveals
a pattern of nonlinear, accelerated response. This further confirms that after elevation loss
induced by subsidence-driven relative sea-level rise, the sensitivity of intertidal areas to
tidal level changes increases—once a critical tidal threshold is exceeded, inundation risk
expands disproportionately rapidly.

4.2. Critical Control of Microtopography and Biogeomorphological Feedback

Saltmarsh microtopography, particularly features such as tidal creeks and erosion
patterns, plays a critical role in governing the dynamics of saltmarsh inundation exposure.
This microtopography not only shapes the geomorphological characteristics of saltmarshes
but also exerts a profound influence on their ecosystem functions and biogeochemical
processes [40,41]. Focusing on the low elevation range from 0 m to 5 m, this study analyzed
the spatial relationship between flooding frequency and elevation in this region between
2016 and 2025 (Figure 6a,b). The inter-annual variation trend of flooding frequency under
a specific elevation threshold is also discussed (Figure 6c).
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Figure 6. Relationship between apparent inundation frequency and elevation. (a) Mean inundation
frequency versus elevation (0 m~5 m) for each year from 2016 to 2025. (b) Relationship between
mean inundation frequency and elevation. (c) Interannual variability of mean flood frequency within
four fixed elevation thresholds (≤0.5 m, ≤1 m, ≤1.5 m, and ≤2 m). (d) Overall correlation analysis of
elevation and mean flood frequency.

Data from all years exhibit a significant negative correlation, indicating that inundation
frequency decreases rapidly with increasing elevation, as shown in Figure 6a. In the
very low elevation area (ranging from 0 m to 1 m), flooding frequency is the highest,
while interannual variability is also the largest—evident in the widest shadow zone in
the plot. When elevation exceeds 1 m, the flooding frequency curve quickly flattens out,
meaning that once this threshold is crossed, flooding risk declines sharply and stabilizes.
Microtopography elevation, acquired via a 0.5 m resolution UAV remote sensing DEM,
shows a strong negative correlation with inundation frequency. The exponential decay
model fits the data excellently, with an R2 of 0.903, as illustrated in Figure 6b. The model’s
estimated parameters (with 95% confidence intervals) include A = 0.712 (95% interval
[0.685, 0.739]), which represents the maximum inundation frequency near 0 m elevation
(around 0.7); B = 1.894 (95% interval [1.762, 2.026]), the decay rate of inundation frequency
with elevation (higher values correspond to faster decreases); and C = 0.015 (95% interval
[−0.008, 0.038]), the asymptotic minimum inundation frequency at elevations above 1.5 m.

This exponential model clearly captures the rapid decay of flooding frequency from
its peak (0.7) near 0 m to 1.5 m, confirming that microtopography is the primary physical
driver of inundation risk in the Luanhe Estuary. This empirical finding aligns with the
theoretical framework: minute, centimeter-scale elevation differences in low-gradient
coastal environments generate hydrological stress gradients-a concept validated across
diverse estuarine wetlands globally [42].

Scatter plots and regression analysis further support this relationship, as shown in
Figure 6d. They reveal a significant negative Pearson correlation with r = −0.803 and
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p < 0.01. The strength of this correlation indicates a robust linear association between
microtopographic elevation and inundation frequency, even beyond the range of the
nonlinear exponential fit.

Zones exhibiting high-frequency exposure to inundation (exceeding 50%) are pre-
dominantly situated in low-elevation areas, including tidal creeks, channel margins, and
depressions, where mean elevations range between 0.8 and 1.0 m. These regions are charac-
terized by the most intense hydrodynamic exchanges. Field observations within the Luanhe
Estuary reveal markedly elevated current velocities within low-lying tidal creeks relative
to adjacent higher-elevation zones, thereby directly modulating inundation dynamics. As
integral components of saltmarsh ecosystems, tidal creeks fundamentally regulate tidal
flow patterns, sediment transport mechanisms, and the spatial distribution and growth
of vegetation.

Extreme Exposure Polarization. The pronounced disparity in exposure rates observed
between the Eastern North Bank (mean elevation 1.1 m, exposure rate 72%) and the River Is-
land Center (mean elevation 3.2 m, exposure rate approximately 3%) is directly attributable
to their substantial elevation differences. This polarization remains evident even within
areas characterized by gentle slopes ranging from 1/3000 to 1/6000, corroborating the
findings of microtopographic variations along the western Belgian coast. the interaction
between topographic and geomorphic characteristics of saltmarshes, coupled with bio-
geochemical processes, generates intricate bidirectional feedback mechanisms that govern
their developmental trajectories and persistence.

Erosion constitutes a critical factor influencing microtopographic alterations within
saltmarsh environments, leading directly to reductions in marsh area and degradation of
topographic features [43]. Morphological transformations induced by erosional processes
are anticipated to modify the hydrodynamic and sediment transport regimes of coastal
systems, thereby exerting further control over marsh inundation dynamics [44].

The most pronounced ecological response to the decade-scale AIF rise is concentrated
within a 5–15 m buffer along both sides of tidal creeks. High-resolution imagery (2020–
2025) shows that when local AIF increases from 45% to 70%, canopy cover on creek
margins declines markedly, and extensive bare patches appear in Tamarix stands, reducing
the plant–soil system’s erosion-resistance threshold. Once this vegetative anchoring is
lost, headward erosion intensifies and sediment resuspension increases by a factor of
1.6—further shortening inundation–exposure cycles and creating a positive feedback,
namely “erosion → deeper channel → higher inundation frequency → greater vegetation
degradation”. If AIF continues to rise at the current rate, the tidal creek network density in
the study area will grow by 20% by 2030, and about 25% of creek bank halophytic vegetation
will shift into persistent decline, becoming a new hotspot of land loss. Management should
therefore install bank protection measures along the 0.5–1 m elevation zone at creek heads,
supplemented by 10 cm scale micro-dams to promote siltation, in order to break the
erosion–inundation feedback and maintain the critical stability of the creek–vegetation
system.

4.3. Management Implications, Applicability, and Study Limitations

The spatial heterogeneity of inundation risk calls for zoned and tiered management.
The 2023 west bank project, which cut the inundation frequency from 38% to 8.55%, proves
that microtopographic adjustment and hydrodynamic restoration can deliver immediate
protection. Yet the reclaimed area is highly sensitive to residual land-subsidence rates; if
these prove faster than expected, the AIF could rebound above 20% within ten years. Risk
assessments must also integrate ecological objectives, as illustrated by the highly exposed
east bank hotspot (AIF 77.25%)—an intended outcome of the “return farmland to wetland”
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policy that illustrates the diversity of restoration success. Managers should treat critical
elevation thresholds as “living elevations” that are re-measured every 3–5 years, not as
once-and-for-all red lines. Because inundation risk responds to centimeter scale height
differences, future decisions must keep microtopography at the core and precisely target
high-risk zones.

The AIF-DEM exponential decay model developed here is broadly transferable, re-
quiring only a high-resolution DEM and a long AIF time series—both now easy to obtain.
Before exporting the decay coefficient to other deltas, however, users should verify that local
relative sea-level rise rates fall within a reasonable band; otherwise, exposure may be under-
estimated. By quickly calibrating the sensitivity parameter of the decay model, managers
can bypass complex catchment-scale hydrodynamic simulations and rapidly evaluate inun-
dation dynamics under sea-level-rise scenarios for similar wetlands worldwide—especially
deltas threatened by sediment starvation or land subsidence—thereby improving the
efficiency and scientific basis of coastal wetland management.

Although the statistical correlation is strong, the analysis relies on remotely sensed
AIF and does not directly incorporate hydraulic variables such as inundation duration
and water depth. In areas where the same AIF value reflects prolonged flood events rather
than frequent short pulses, plant physiological stress could be underestimated. Moreover,
the focus is on physical geomorphic controls, with limited quantitative treatment of the
two-way feedbacks between vegetation and hydro-geomorphology. Consequently, the
current maps cannot predict whether pioneer vegetation will trap enough sediment to raise
the surface and lower AIF naturally over a decade—a knowledge gap that directly affects
the cost–benefit balance of “wait-for-accretion” versus engineered elevation enhancement.
Future work should integrate in situ water-level and sediment-flux monitoring with vege-
tation ecosystem modeling to build a fully coupled biogeomorphic-hydrologic framework
capable of more accurately forecasting long-term salt marsh evolution and resilience.

5. Conclusions

This study conclusively demonstrates that microtopography is the dominant physical
control on small-scale tidal inundation patterns within the low-gradient intertidal zone
of the Luanhe Estuary. By integrating a decade of Sentinel-1/2 satellite imagery with
centimeter-resolution UAV topographic data, we established a robust exponential decay
model linking surface elevation to the AIF. The model accurately captures the critical
threshold behavior within the 0–1.5 m elevation band, where centimeter-scale height differ-
ences trigger drastic shifts in hydroperiod. Spatial contrasts in exposure reveal that local
microtopography, rather than regional slope, is the primary determinant of hydrological
stress and ecological zonation at the meter scale.

The significant upward trend in mean AIF across the study area indicates escalating
coastal vulnerability, driven primarily by anthropogenic land subsidence. A quadratic
relationship between instantaneous tidal level and inundated area confirms that once
subsidence lowers the baseline elevation, system sensitivity to hydrodynamic forcing
increases markedly. Engineered interventions in the western north bank hotspot reduced
AIF from 38% to 8.55%, providing a proof-of-concept for microtopography-based mitigation.
These findings underscore the imperative of embedding high-resolution topographic data
into coastal vulnerability assessments and zoning plans, enabling managers to distinguish
ecologically beneficial inundation from hazardous flooding.

Although the AIF–elevation framework offers a transferable tool requiring relatively
few input data for spatial risk screening, it remains a physical template that does not re-
solve sub-cycle hydraulic parameters (inundation duration, water depth) or biogeomorphic
feedbacks (vegetation-induced accretion, sediment trapping). Consequently, the model
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may underestimate biotic stress and cannot predict whether pioneer vegetation will autoge-
nously raise the surface and lower AIF over decadal scales. Future work must couple long-
term in situ hydrological monitoring with biogeomorphic modeling to build a dynamic,
process-based platform capable of quantifying the relative contributions of subsidence,
sea-level rise, sediment supply, and vegetation feedbacks to salt marsh resilience, thereby
informing the next generation of adaptive and proactive coastal management strategies.
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Abstract: This study investigates the incipient motion and scouring of sediments around
simulated submarine cables in a controlled flume experiment, focusing on five distinct
grain sizes in an experimental pool. The measured incipient velocity values were compared
with predictions from three established formulas, leading to a modification of the Sun
Zhilin formula for improved accuracy. By incrementally increasing flow velocity, the scour
depth and scour duration were measured required to expose cables buried at varying
depths for different sediment sizes, and the relationships between scour rate, relative flow
rate, and Froude number were analyzed. The results indicate that as the Froude number
increases, both the relative flow velocity and scour rate increase, thereby enhancing the
erosion of sediment. The modified formula demonstrated a higher consistency with
observed scour depths, providing a reliable tool for assessing submarine cable exposure
risks. These findings offer valuable insights for developing effective protection strategies
to enhance cable stability in complex marine environments. This research highlights
the importance of understanding sediment dynamics and their impact on submarine
cable stability, contributing to the development of more effective protection strategies for
submarine cables in dynamic seabed conditions.

Keywords: sediment incipient velocity; scour depth; scour rate; experimental flume;
submarine cable

1. Introduction

Since the deployment of the world’s first submarine cable in the 1950s, seabed scouring
has been identified as the primary cause of most submarine cable failures [1,2]. To mitigate
the impact of scouring induced by ocean currents and wave action, submarine cable
routes are meticulously pre-planned, incorporating advanced construction techniques
such as mechanical trenching [3]. This method involves burying the cable at depths
ranging from 1 to 2.5 m beneath the seabed, significantly reducing its exposure to erosive
forces. Consequently, the implementation of anti-scouring protection measures, along with
ongoing maintenance and management of submarine cables, is of paramount importance
to ensuring their long-term stability and functionality [4–8].

Scholars have extensively studied sediment transport mechanisms and developed
multiple sediment incipient velocity formulas by integrating sedimentology research with
controlled scouring experiments [9–11]. Their findings indicate that when hydrodynamic
velocity and energy exceed critical thresholds, sediment particles begin to move, initiating
the scouring process. As hydrodynamic forces intensify, sediment transport accelerates,
potentially exposing and jeopardizing buried submarine cables. Understanding these
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dynamics is crucial for designing effective anti-scouring strategies, optimizing cable burial
depths, and enhancing the resilience of submarine communication and power transmis-
sion networks. Recent studies employing stochastic and modified sediment transport
methodologies have further corroborated the positive correlation between incipient veloc-
ity and water depth in both cohesive and non-cohesive sediments [12–14]. For instance,
Dodaro et al. developed a modified Einstein sediment transport model to simulate scour
evolution, emphasizing the role of hydrodynamic shear stress and sediment cohesion in
regulating scour dynamics [12]. Tafarojnoruz and Sharafati extended this understanding
by formulating stochastic models for velocity thresholds in storm sewers, revealing that
sediment mobility in natural channels depends critically on flow depth and turbulence
characteristics [13]. Similarly, Sharafati et al. utilized a stochastic framework to predict
pier scour depth in cohesive beds, demonstrating that water depth significantly influences
the equilibrium between erosive forces and sediment resistance [14]. These approaches
highlight the importance of considering sediment properties and hydrodynamic conditions
in predicting scour dynamics.

Most existing studies primarily focus on verifying prediction formulas for non-uniform
sediment particle sizes and their incipient velocities through laboratory experiments and
field observations. However, current experimental research on sediment scouring is largely
concentrated on local scouring around hydraulic structures [15,16], such as piers and dikes,
with relatively limited studies addressing natural scouring in the absence of artificial struc-
tures. This gap in research highlights the need for a more comprehensive understanding of
sediment transport dynamics in complex marine environments. This gap in research high-
lights the need for a more comprehensive understanding of sediment transport dynamics in
complex marine environments. Fredsøe and Hansen proved that potential theory can well
predict the final gap under the pipeline [17]. Because potential flow theory predicts that the
flow velocity under the pipeline near the bed is much larger than the velocity above, they
modified the potential flow description, adding a vortex tube to ensure a more accurate
description of the flow under the pipeline. For sediment transport as steady flow [18–22],
the near-bed flow velocity under the pipeline decreases to equal the far-field velocity at
the riverbed, and the model predicted the scour depth under the pipeline; however, down-
stream of the pipeline, the evolution of the riverbed profile is too complex, and simple
models cannot obtain the true profile of the scoured seabed [23].

Extensive research has focused on local scouring around hydraulic structures such as
piers and pipelines [24,25]. Moreover, the natural scour processes within the environment
of submarine cables have become a significant focus of contemporary research [26]. Par-
ticularly challenging is the fact that submarine cable routes frequently traverse dynamic
seabeds composed of cohesive and heterogeneous sediments, complicating the study of
these environments [27].

This study seeks to identify a more applicable incipient velocity formula suited for
the complex hydrodynamic conditions along the target submarine cable route. Using
clear-water mobile bed experiments with five characteristic sediment sizes, this study
systematically investigates the relationships between sediment incipient motion and key
hydrodynamic factors, such as the influences of sediment size, water depth, constant flow
velocity, and scouring duration on sediment erosion processes. These findings contribute
to a deeper understanding of natural seabed scouring and provide valuable insights for the
design and maintenance of submarine cable burial strategies.
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2. Materials and Methods

2.1. Simulated Submarine Cable

For typical submarine power grid installations, mechanical jet trenching is commonly
employed to excavate seabed trenches for cable laying. The submarine cable used in
such applications is a standard composite fiber-optic triple-tube design with 48-core G652.
Optical fibers and steel armor protection, featuring an outer diameter of 200 mm. The
detailed cable structure is shown in Figure 1.

Figure 1. Composite 3 tubes × 48 core G652 optical fiber.

Figure 1 presents a schematic diagram of the submarine cable structure, illustrating
the arrangement of optical fibers and conduits. This design allows the cable to effectively
transmit electrical signals while providing protection against marine challenges. The
installation of submarine cables requires careful planning tailored to specific engineering
needs and seabed topography. Our experimental methodology simulates scour conditions
at varying elevations within the flume, directly relevant to the seabed conditions where
cables are embedded. As the cable is buried, local scour does not affect our experiments;
instead, we focus on the incipient velocity of sediment under natural scour conditions. This
study establishes a theoretical framework essential for understanding sediment movement
in relation to submerged cables, aligning theoretical insights with practical engineering
considerations for cable protection.

To simulate scouring effects, the model cable adopts a BVR4 square millimeter three-
core flexible copper wire compliant with national standards. The conductor material is
99.99% oxygen-free pure copper, insulated with eco-friendly polyvinyl chloride (PVC),
and colored black. The average outer diameter of the model cable is 2 mm, resulting in a
geometric scaling ratio of λh = 100 for this experiment.

2.2. Experimental Equipment and Instruments

The experiment was conducted in a flume at the Ocean College of Zhejiang University,
measuring 5 m in length, 5 m in width, and 1.2 m in depth. To achieve uniform flow
conditions, a baffle was installed at the inlet, facilitating the generation of transverse two-
dimensional planar flow. Additionally, energy dissipation devices were incorporated at
the outlet to minimize flow disturbances. A centrifugal pump was utilized to create a
recirculating water flow, as illustrated in Figure 2. The flume contains five sediment test
zones for non-uniform natural sands with distinct characteristic particle sizes. Each zone
features five 18 × 38 cm sediment recesses filled with five different-sized natural sands. The
remaining areas are covered with a phenolic resin powder base layer in Figure 3. Figure 3
illustrates the arrangement of sediments with varying particle sizes before scouring. In
this setup, sediments of different sizes were placed side by side in the flume, allowing for
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the observation of interactions between the various particle sizes. Within the model zones
(sediment blocks), simulated submarine cables are embedded at depths of 1 cm, 2 cm, and
3 cm below the sediment surface across all five particle size groups.

Figure 2. Arrangement of flushing test flume.

Figure 3. Layout of scouring test areas with different sediment particle sizes. (a) 10 μm and 50 μm
test area; (b) 5 μm and 10 μm test area; (c) 150 μm and 350 μm test area; (d) Internal arrangement of
single sediment scouring area.

The flume’s 1.2 m depth enables water flow conditions ≤1.2 m, corresponding to the
actual cable route’s water depth range of 5–52.8 m. Water depth decreases near the coast.
Using a depth scaling ratio of λh = 100, the experimental water depth was designed within
0.05–0.55 m.

Flow velocity is regulated by the pump and measured using an LYS-89A digital current
meter, produced in the China. Scouring commences once a steady flow is achieved, with
the velocity stabilized and uniformly distributed across the model section. Water depth is
calibrated using a side-mounted scale and verified vertically with an H-40 laser rangefinder,
produced in the China. Post-sediment initiation, an i-speed high-speed camera (2000 fps)
captures particle movement to determine instantaneous velocities.
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2.3. Model Design

Along the submarine cable route, 83 seabed sediment samples were collected in the
East China Sea, revealing an average water depth of 5~25 m. The tidal waves in the East
China Sea advance in the form of progressive waves, moving from the southeast to the
northwest. As these waves propagate into the Zhoushan archipelago, they are fragmented
by a series of islands, including Liuheng, Taohua, Zhujiajian, Daishan, Qushan, and Shengsi,
resulting in multiple tidal currents. The study area is located between Qushan Island and
Sijiaoshan, characterized by numerous islands of varying sizes that significantly influence
the local topography. As a result, the direction of the flood currents predominantly trends
northwest or west, while the ebb currents generally flow southeast or east. The maximum
flood current velocity recorded at the measurement points reaches 192 cm/s, while the
maximum ebb current velocity attains 235 cm/s. The occurrence frequency of vertical
mean flow velocities exceeding 153 cm/s ranges between 1.5% and 10.0%. During typhoon
events, the maximum storm surge current velocity in this region can reach as high as
3.5 m/s [28].

Based on the dimensions of the basin and the sea area, appropriate scale ratios can
be established. The initial water depth of the prototype basin is maintained at 0.25 m, and
the selected scale ratios for the model are determined as follows: the depth scale ratio is
λh = 100, and the velocity scale ratio is λv =

√
λh = 10.

Particle size analysis via mastersizer 2000 laser granulometer, produced in the UK,
showed sediment diameters ranging from 3 to 350 μm, with median diameters (D50)
between 7 and 31 μm. Median diameters decreased near the coast and increased offshore.
Five characteristic sediment sizes were selected to measure incipient velocity, scouring
depth, and duration.

2.4. Experimental Procedures

The experimental sediment consisted of phenolic resin powder with a particle size
range of 500–1000 μm. The formal experiment began with the preparation of the model
zones: five sediment types with distinct particle sizes were placed and leveled within the
model area to a thickness of approximately 30 cm. A pump was then activated to initiate
slow water inflow, ensuring minimal disturbance to the underlying sediment. Water
was gradually raised to the target depth, and a high-speed camera was directed at the
sediment blocks in the test area to confirm no sediment movement. The pump output was
incrementally adjusted to achieve the calculated flow velocity in the flume.

Flow velocities were recorded using the Acoustic Doppler Velocimeter (ADV) meter
positioned 5 cm above the sediment bed. Scour depths were measured every 5 min using an
H-40 laser rangefinder, and sediment initiation was verified via i-speed high-speed camera
footage (2000 fps). Data analysis focused on time-averaged velocities and equilibrium scour
depths, with uncertainties quantified using a ±2% error margin for velocity and ±1 mm
for depth.

Water depth was regulated via a tailgate, with 11 predefined depth groups for sediment
initiation: 0.05 m, 0.1 m, 0.15 m, 0.2 m, 0.25 m, 0.3 m, 0.35 m, 0.4 m, 0.45 m, 0.5 m, and
0.55 m. Based on the average water depth of 5~25 m from 83 sampling points, the initial
experimental water depth was set to 0.25 m. For scouring analysis, three additional depth
groups (0.26 m, 0.27 m, and 0.28 m) were established, corresponding to cables buried at
1 cm, 2 cm, and 3 cm depths within the sediment blocks.

When the initial water depth reached 0.25 m, the high-speed camera immediately
recorded minor sediment movement and the corresponding instantaneous incipient velocity.
Sustained scouring under steady flow continued until the cable buried at a depth of 1 cm
(equivalent to a water depth of 0.26 m) became exposed, with the scouring duration
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recorded. Following this procedure, the flow velocity was gradually increased to monitor
the exposure of cables buried at 2 cm (0.27 m) and 3 cm (0.28 m) depths. The instantaneous
incipient velocities and scouring durations for these depths were documented. Subsequent
increases in flow velocity, combined with applicable incipient velocity formulas, enabled
the calculation of natural scouring depths.

For each test group, the instantaneous flow velocity at sediment initiation, the scour-
ing duration until cable exposure, and the equilibrium scouring depth were recorded.
After each trial, the sediment was replenished, and the flume was drained to prepare for
subsequent experiments.

3. Experimental Results and Discussion

3.1. Sediment Incipient Velocity Formulas

Numerous scholars worldwide have conducted experimental and theoretical studies
on sediment incipient motion, particularly focusing on uniform and non-uniform sedi-
ments. Zhang Ruijin, a pioneering researcher in China, proposed in 1961 the concept of
cohesive force in sediments, incorporating atmospheric pressure, water column pressure,
and hydrodynamic effects on particles. Through experiments and theoretical derivation, he
established a unified incipient velocity formula for cohesive uniform sediments applicable
to varying particle sizes (Equation (1)):

vc,i = 1.34
(

h
di

)0.14
[

ρs − ρ

ρ
gdi + 3.36 × 10−7

(
10 + h
d0.72

i

)]0.5

(1)

where ρs and ρ represent the densities of sediment and water, respectively. In this experi-
mental setup, natural sediment with ρs = 2.65 t/m3 and water density ρ = 1 t/m3 were
adopted. Here, di denotes the incipient particle diameter corresponding to the critical
velocity vc,i, dm is the mean particle diameter, h represents the water depth, and g is the
gravitational acceleration.

Dou Guoren refined cohesive uniform sediment incipient velocity formulas from 1974
to 1999, considering interparticle cohesive forces exceeding gravitational and hydrostatic
pressures. His modified practical formula (Equation (2)) is as follows:

vc,i = 0.32(ln11
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)(
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[
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(
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0.5

di
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(2)

where ρ′ denotes the dry density of sediment, which ranges from 1.15 to 1.45 t/m3 for
unconsolidated natural sediment. ρ′∗ represents the stabilized dry density of sediment,
taken as 1.6 t/m3 for natural sediment. δ is the characteristic thickness of interparticle
voids, set to 2 × 10−7 m, and ε0 denotes the comprehensive cohesion parameter with a
value of 1.75 × 10−6 m3/s2. For particle sizes d ≤ 500 μm, d′ is assigned 5 × 10−4 m, and
the bed roughness height is specified as 0.001 m.

Sediment incipient motion involves stochastic mechanical and geometric factors,
including drag, lift, submerged weight, and cohesive forces. Sun Zhilin’s formula integrates
probability theory and mechanics to derive the incipient friction velocity for cohesive non-
uniform sediments. Using a logarithmic velocity distribution, the friction velocity is
converted to depth-averaged velocity (Equation (3)) [10]:

vc,i =
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where Ks represents the bed roughness taken as dm, and the standard deviation σD indicates
the non-uniformity degree of sediment composition. h0 denotes the additional hydraulic
head from molecular adhesion. Existing experiments demonstrate that h0 ranges from
1.226 to 10 m, and the geometric mean of these values (h0 = 3.5 m) is generally adopted.
Based on Sun Zhilin’s measured data [10], the constant C0 is determined to be 0.03–0.05,
and a value of 0.04 is selected for this study.

3.2. Experimental Results of Sediment Incipient Velocity

As shown in Table 1 and Figure 4, the measured incipient velocities generally increase
with water depth across all sediment sizes. These findings are of significant reference
value for understanding the initiation behavior of riverbed sediments and for related
engineering designs. The observations indicate that the critical flow velocity of the modeled
sediment is influenced by water depth and exhibits a degree of particle size dependency.
At shallower depths (h < 0.3m), incipient velocities for all five particle sizes (5–350 μm)
remain relatively low (0.1–0.6 m/s). As the water depth increases, the critical flow velocity
for sediment mobilization shows a discernible trend. Coarser sediments exhibit relatively
minor variations in flow velocity across different water depths, indicating a lower variance
and suggesting a more stable critical flow velocity. However, once the water depth exceeds
0.3 m, a significant change in the critical flow velocity of the five sediment sizes is observed.
This variability may be attributed to alterations in hydrodynamic conditions resulting
from the increased water depth, which subsequently affects the mobilization behavior of
the sediments.

Based on the data presented in Table 1 and Figure 4, the 5 μm sediment exhibited
the highest average incipient velocity (0.47 m/s), while the 150 μm sediment showed the
lowest (0.17 m/s). Notably, the 50 μm and 350 μm sediments displayed higher incipient
velocities than the 150 μm group. Larger particles (e.g., 150 μm) demonstrated minimal
velocity variance with depth changes (maximum–minimum difference: 0.08 m/s), whereas
smaller particles (e.g., 5 μm) exhibited significant velocity increases (0.19 m/s variation
between 0.2–0.55 m depth).

The 10 μm sediment showed anomalous behavior at 0.26–0.28 m depths, likely due
to experimental variability or measurement errors. The largest velocity gap (0.22 m/s)
occurred between the 10 μm and 50 μm groups, highlighting substantial incipient velocity
changes in this size range.

Table 1. Measured incipient velocity statistics (m/s).

Scour Depth (cm)
Particle Size (μm)

5 10 50 150 350

0.05 0.38 0.36 0.17 0.12 0.13
0.1 0.39 0.39 0.18 0.13 0.15

0.15 0.4 0.39 0.19 0.14 0.16
0.2 0.41 0.4 0.19 0.15 0.18

0.25 0.44 0.42 0.2 0.17 0.19
0.26 0.45 0.43 0.21 0.18 0.2
0.27 0.46 0.39 0.21 0.17 0.21
0.28 0.46 0.4 0.22 0.16 0.19
0.3 0.5 0.41 0.22 0.19 0.2

0.35 0.52 0.45 0.24 0.18 0.21
0.4 0.54 0.48 0.25 0.19 0.21

0.45 0.56 0.5 0.25 0.19 0.23
0.5 0.59 0.51 0.26 0.2 0.22

0.55 0.60 0.53 0.27 0.2 0.24
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Figure 4. Measured incipient velocity of model sand.

The observed differences in velocity profiles among various particle sizes can be
attributed to the distinct behaviors of fine and coarse sediments. For finer particles, such
as those around 150 μm, cohesive forces play a significant role, leading to a reduction in
the incipient motion velocity as particle size increases. Conversely, for coarser particles,
such as those measuring 350 μm, gravitational forces dominate, resulting in an increase
in the incipient motion velocity with larger particle sizes. This duality in the effects of
cohesion and gravity explains why the velocity of the larger particles is greater than that of
the smaller ones.

These results confirm a positive correlation between incipient velocity and water
depth. Comparative analysis of the three formulas reveals that smaller particles (5–10 μm),
dominated by cohesive forces, require higher drag for initiation, while larger particles
(150–350 μm), governed by gravitational forces, exhibit lower and more stable incipient
velocities. For the studied cable route (average depth: 25 m), sediments in the 50–150 μm
range are most susceptible to scouring. Smaller particles (5–10 μm) demonstrate strong
cohesion, making them resistant to initiation, whereas intermediate sizes (50 μm) balance
cohesive and gravitational effects, showing pronounced scouring vulnerability.

Key observations include the following:

• 5 μm sediment: Most sensitive to depth changes, with a 0.19 m/s increase between
0.2 and 0.55 m.

• 10 μm sediment: Anomalous velocities at intermediate depths (0.26–0.28 m), suggest-
ing experimental variability.

• 50 μm sediment: Marked velocity differences from the 10 μm group, indicating critical
transitional behavior.

• 150 μm sediment: Minimal velocity variation (0.08 m/s range), lowest average velocity
(0.12 m/s at 0.05 m).

• 350 μm sediment: Intermediate velocities between the 50 μm and 150 μm groups.

These findings align with theoretical predictions: cohesive forces dominate for fine
sediments (<50 μm), requiring higher initiation velocities, while gravitational effects govern
coarser particles (>150 μm). The 50–150 μm range represents a critical transition zone with
optimal scouring susceptibility under typical marine conditions.
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Figure 5 illustrates the scour depths of sediments with varying particle sizes at different
water depths. For the 5 μm model sediment, the measured incipient velocities were
consistently lower than the values predicted by all three formulas. Notably, both the
calculated and measured velocities exhibited an increasing trend with rising water depth.
As shown in Figure 5, Equation (2) aligned most closely with the measured values for 5 μm
sediment, averaging only 0.14 m/s higher than the measured values. When the water
depth exceeded 0.3 m, the measured values exhibited significantly accelerated growth
and approached Equation (2) results. For water depths of 0.05–0.2 m, Equation (3) closely
matched Equation (2), with an average deviation of only 0.07 m/s. Notably, Equation (1)
yielded significantly higher values than the other two, averaging 47.35% above measured
values, while Equation (3) showed an average deviation of 35.52%. Since a deviation
threshold below 30% is required for applicability [11], Equations (1) and (3) are unsuitable
for 5 μm sediment in this experiment. Equation (2), with an average deviation of 21.87%,
proved applicable.

Figure 5. Comparison between measured and calculated incipient velocity.

For the 10 μm model sediment (Figure 5), measured values remained lower than all
three formula-calculated results. At water depths of 0.05–0.1 m and 0.4–0.55 m, measured
values nearly overlapped with Equation (2), but, between 0.15 and 0.35 m, the measured
values fluctuated slightly without clear depth-dependent trends. Equation (1) remained the
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highest, while Equation (3) fell between Equations (1) and (2). During the 0.25–0.3 m depth
intervals, the 1 cm spacing in experimental depth settings likely introduced measurement
variability due to external factors. Equation (1) showed an average deviation of 38.48%,
rendering it inapplicable, while Equations (2) and (3) exhibited average deviations of 7.99%
and 25.99%, respectively, meeting applicability criteria.

For the 50 μm model sediment, the measured and calculated velocities all fell
below 0.5 m/s, aligning closely with Equations (3) and (2) (deviation: 1.95%). The
sediment > 50 μm exhibited markedly lower incipient velocities than 5 μm and 10 μm.
Equation (1) remained higher than the others, averaging 32.56% above Equation (3). With
an average deviation of 32.75%, Equation (1) was inapplicable, while Equations (2) and (3)
showed deviations <2%, demonstrating suitability.

For the 150 μm and 350 μm model sediment, Equation (1) significantly overestimated
results compared to others. Equations (2) and (3) remained closely aligned, with average
deviations of 0.005 m/s and 0.014 m/s, respectively. Equation (1) was inapplicable, while
Equations (2) and (3) showed deviations <15%, with Equation (3) performing best (3.07%
and 6.24% deviations).

3.3. Modification of Sediment Incipient Velocity Formula

Equations (1) and (2) are incipient motion formulas for uniform sediment, whereas
the sediment in the cable-laying sea area is non-uniform. The model sediment used in
this experiment is natural sediment, with the standard deviations (σD) of the particle size
distributions as follows: 4.31 for 5 μm, 4.22 for 10 μm, 3.35 for 50 μm, 2.77 for 150 μm,
and 3.53 for 350 μm. Equation (3), designed for cohesive non-uniform sediment, better
aligns with the actual conditions of the target sea area and this experimental study. Further
exploration of Equation (3)’s applicability to fine-grained sediments with particle sizes
below 50 μm will yield greater practical value.

Based on the experimental results, Equation (3) has been revised by calibrating the bed
roughness Ks and constant C0. Considering the characteristics of cohesive sediment, Ks is
set as dm for particle sizes exceeding 50 μm, while a fixed value is adopted for di < 50 μm.
Since C0 tends to overestimate results for smaller particles, a value smaller than 0.04 was
sought. Iterative calculations were performed to fit the measured incipient velocity data of
5 μm and 10 μm cohesive sediment under varying water depths, minimizing the sum of
absolute deviations between calculated and measured values.

The optimized parameters are determined as follows: for the 5 μm and 10 μm particles,
Ks = 0.045 mm (0.000045 m) and C0 = 0.033, yielding absolute deviations of 0.05 m/s and
0.02 m/s from the measured velocity averages, respectively.

The revised Equation (3) is expressed as follows:
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Parameter selection criteria:

• For median sediment particle sizes ≥ 50 μm, the results are as follows:

Ks = dm (dm ≥ 50 μm), C0 = 0.04

• For median sediment particle sizes < 50 μm, the results are as follows:

Ks = 0.000045 (dm < 50 μm), C0 = 0.033
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As shown in Figure 6 and Table 2, the deviations between calculated results from the re-
vised Equation (3) and measured data are 1.01% and 4.20%, demonstrating its applicability
for incipient velocity prediction of cohesive sediments.

Figure 6. Comparison between the corrected calculated and measured values.

Table 2. Comparison between modified calculated and measured values of incipient velocity.

Comparison of Incipient Velocity of 5 μm
Sediment

Comparison of Incipient Velocity of 10 μm
Sediment

Water Depth
(m)

Calculated
Value (m/s)

Measured
Value (m/s)

Deviation (%)
Calculated
Value (m/s)

Measured
Value (m/s)

Deviation (%)

0.05 0.329 0.38 15.50 0.290 0.36 24.14
0.1 0.376 0.39 3.72 0.332 0.39 17.47

0.15 0.410 0.4 −2.44 0.362 0.39 7.73
0.2 0.438 0.41 −6.39 0.386 0.4 3.63

0.25 0.463 0.44 −4.97 0.408 0.42 2.94
0.26 0.468 0.45 −3.85 0.412 0.43 4.37
0.27 0.472 0.46 −2.54 0.416 0.39 −6.25
0.28 0.477 0.46 −3.56 0.421 0.4 −4.99
0.3 0.485 0.5 3.09 0.428 0.41 −4.21
0.35 0.509 0.52 2.16 0.440 0.45 2.27
0.4 0.525 0.54 2.86 0.463 0.48 3.67

0.45 0.549 0.56 2.00 0.493 0.5 1.42
0.5 0.562 0.59 4.98 0.496 0.51 2.82

0.55 0.579 0.6 3.63 0.511 0.53 3.72

3.4. Scour Duration Test Results and Analysis

This experiment involved clear-water live-bed scour tests. For each sediment size, the
incipient velocity at a water depth of 0.25 m was used as the sustained flow velocity in the
flume. The measured incipient velocities were 0.44 m/s for 5 μm sediment, 0.42 m/s for
10 μm, 0.2 m/s for 50 μm, 0.17 m/s for 150 μm, and 0.19 m/s for 350 μm. Two sustained
scour velocities (0.2 m/s and 0.4 m/s) and a control group (0.5 m/s) were established.
The durations required to expose cables by 1 cm, 2 cm, and 3 cm were recorded for each
sediment size (Table 3 and Figure 7).
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Table 3. Duration of the scouring test for model sands (mins).

Continuous scouring velocity 0.2 m/s

Scour depth (cm)
Particle size (μm)

5 10 50 150 350

1

No scouring

105 63 87

2 326 130 256

3 650 219 471

Continuous scouring velocity 0.4 m/s

Scour depth (cm)
Particle size (μm)

5 10 50 150 350

1 70 34 27 9 31

2 184 88 58 23 65

3 363 169 93 62 99

Continuous scouring velocity 0.5 m/s

Scour depth (cm)
Particle size (μm)

5 10 50 150 350

1 63 30 23 6 26

2 167 77 49 17 57

3 330 144 79 33 98

Figure 7. Scouring duration with scouring depth.

Starting scour tests at a 25 cm water depth, exposure depths of 1 cm, 2 cm, and 3 cm
were recorded as scour duration milestones. Figure 8 illustrates the relationship between
sediment size, scour depth, and duration. As shown in Table 2, within the 5–350 μm range,
smaller incipient velocities corresponded to greater scour extent, shorter durations, and
faster depth progression.

The experimental results demonstrate a direct correlation between cable burial depth
and scouring dynamics. For instance, at a water depth of 0.26 m (equivalent to 1 cm burial
depth), the equilibrium scour depth was achieved faster due to reduced sediment cover
(Table 3). This phenomenon can be attributed to the altered local flow patterns around the
exposed cable, which intensify shear stress and accelerate sediment entrainment. Similar
observations were reported by Chiew [18], who noted that partial exposure of submerged
structures significantly amplifies localized turbulence, thereby reducing the time required
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to reach scour equilibrium. The accelerated scouring at shallow burial depths underscores
the importance of optimizing cable burial strategies to mitigate exposure risks in dynamic
marine environments.

Figure 8. Measured scouring depth of model sand.

The experiment utilized open-channel flow, where water directly contacts the atmo-
sphere. Beyond fluid viscosity and inertia, gravity dominated, quantified by the Froude
number Fr:

Fr =
U√
gh

where U denotes the flow velocity in the basin, h is the water depth, and g represents
gravitational acceleration. When the Froude number Fr = 1, the flow is critical; when Fr
> 1, it transitions to supercritical flow; and, when Fr < 1, the flow becomes subcritical. A
scour rate formula is established as E = Hc

t = f (U, vc,i, h, t) = f (Fr, U
vc,i

, t), where Hc is the
scour depth and t is the duration. Using Table 3, scour rates for five sediment sizes under
varying velocities were calculated and analyzed against the Froude number Fr and relative
velocity U

vc,i
(the ratio of scour velocity to critical velocity). Table 4 compares measured

relative velocities (based on field data) with calculated relative velocities derived from
Equation (3).

For fine-grained sediments (5 μm and 10 μm), no scour occurred at 0.2 m/s. In contrast,
150 μm sediment exhibited the shortest durations t to reach scour depths of 1 cm, 2 cm, and
3 cm, yielding the highest scour rates E. The scour rate E directly correlates with critical
velocity vc,i—a smaller vc,i corresponds to a larger E. Additionally, E inversely relates to
water depth h: greater depths reduce scour rates. The Froude number Fr reflects flow
intensity; at constant velocity, increasing h decreases Fr, weakening flow intensity and
scour rates.

At 0.4 m/s, all five sediment sizes experienced scour. For 5 μm sediment, scour
equilibrium (minimum E) occurred at h = 28 cm. The remaining four sizes scoured three
cable trenches, with average scour rates ranked in descending order: 150 μm > 350 μm
> 50 μm > 10 μm. Both measured and calculated relative velocities ( U

vc,i
) confirm that

higher relative velocities amplify scour rates. When U
vc,i

> 1, scour velocity exceeds critical
velocity, significantly intensifying erosion. Natural sediment with particle size variances >1
was used in this experiment, explaining minor scour even at U

vc,i
< 1. Since U represents

depth-averaged velocity and vc,i statistically corresponds to the velocity initiating motion
for 5% of particles, partial scour persists at U

vc,i
< 1.

179



Water 2025, 17, 1310

Table 4. Statistics of scouring depth-related parameters.

5 μm 10 μm

U h Fr E U
vc,i measured

U
vc,i calculated

U h Fr E U
vc,i measured

U
vc,i calculated

0.2
0.26 0.125

No
0.395 0.455

0.2
0.26 0.125 No

scour-
ing

0.448 0.476
0.27 0.123 0.391 0.444 0.27 0.123 0.443 0.465
0.28 0.121 0.387 0.435 0.28 0.121 0.439 0.513

0.4
0.26 0.251 0.000143 0.790 0.909

0.4
0.26 0.251 0.000294 0.896 0.952

0.27 0.246 0.000088 0.782 0.889 0.27 0.246 0.000185 0.887 0.930
0.28 0.241 0.000056 0.774 0.870 0.28 0.241 0.000123 0.878 1.026

0.5
0.26 0.313 0.000159 0.987 1.136

0.5
0.26 0.313 0.000333 1.120 1.190

0.27 0.307 0.000096 0.977 1.111 0.27 0.307 0.000213 1.109 1.163
0.28 0.302 0.000061 0.968 1.087 0.28 0.302 0.000149 1.098 1.282

50 μm 150 μm

U h Fr E U
vc,i measured

U
vc,i calculated

U h Fr E U
vc,i measured

U
vc,i calculated

0.2
0.26 0.125 0.000095 0.612 1.000

0.2
0.26 0.125 0.000159 0.791 1.176

0.27 0.123 0.000045 0.609 0.952 0.27 0.123 0.000149 0.787 1.111
0.28 0.121 0.000031 0.605 0.952 0.28 0.121 0.000112 0.782 1.176

0.4
0.26 0.251 0.000370 1.224 2.000

0.4
0.26 0.251 0.001111 1.582 2.353

0.27 0.246 0.000323 1.217 1.905 0.27 0.246 0.000714 1.573 2.222
0.28 0.241 0.000286 1.210 1.905 0.28 0.241 0.000256 1.565 2.353

0.5
0.26 0.313 0.000435 1.531 2.500

0.5
0.26 0.313 0.001667 1.978 2.941

0.27 0.307 0.000385 1.522 2.381 0.27 0.307 0.000909 1.967 2.778
0.28 0.302 0.000333 1.513 2.381 0.28 0.302 0.000625 1.956 2.941

350 μm Note:

U h Fr E U
vc,i measured

U
vc,i calculated

U is the velocity of the pool (m/s)

0.2
0.26 0.125 0.000115 0.745 1.053 h is water depth (cm)
0.27 0.123 0.000059 0.741 1.000

Fr is the Froude number0.28 0.121 0.000047 0.737 0.952

0.4
0.26 0.251 0.000323 1.489 2.105 E is scouring rate (m/s)
0.27 0.246 0.000294 1.481 2.000
0.28 0.241 0.000294 1.473 1.905 U/vc,imeasured is the relative velocity and the ratio of

pool velocity to measured starting velocity
0.5

0.26 0.313 0.000385 1.862 2.632
0.27 0.307 0.000323 1.852 2.500 U/vc,icalculation is the relative velocity and the ratio of

pool velocity to calculated starting velocity0.28 0.302 0.000244 1.842 2.381

At h = 25 cm and U = 0.5 m/s (exceeding all critical velocities), the factors influencing
E are most evident. Larger Fr and U

vc,i
correlate with higher E, demonstrating enhanced

sediment mobility under stronger hydrodynamic conditions.
The observed inverse relationship between scour rate and sediment size in Table 4

aligns with recent studies on cohesive sediment dynamics [26], which emphasized the
dominance of cohesive forces in fine-grained sediments. However, our results diverge
from conventional models by demonstrating that intermediate-sized particles (50–150 μm)
exhibit transitional behavior, balancing cohesion and gravitational effects, as highlighted in
recent analyses of non-uniform sediment transport [27]. This insight refines the understand-
ing of sediment mobilization thresholds and provides a mechanistic basis for predicting
scour vulnerability in submarine cable routes.

3.5. Scour Depth Test Results and Analysis

The revised Equation (3) in this experiment is applicable to sediment incipient motion
in this study. Since sediment incipient motion initiates scour, the critical velocity can be
utilized to calculate scour depth.
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Typically, seabed sediment in natural marine environments remains stable (neither
scoured nor deposited) under astronomical tidal currents. However, during typhoon-
induced storm surges, sediment initiates motion when flow velocity U exceeds the critical
velocity (U > Vc), triggering bed scour. Assuming a constant unit-width discharge q, flow
velocity decreases as scour depth increases, while critical velocity rises with scour depth
until a new equilibrium is reached. At this stage, sediment returns to a critical incipient
motion state, and flow velocity theoretically becomes lower than U.

q = Uh = Vc(h + Δh) (4)

Substituting the revised critical velocity formula (Equation (3)) into the unit-width
discharge equation yields Equation (5).

Uh =
8
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where Δh is the only unknown variable, representing the calculated scour depth. The
calculated scour depth is then validated using the constant unit-width discharge q = Uh
and compared with measured scour values.

This experiment investigates natural scour depth in a clear-water movable-bed flume.
During the scouring phase, a flow velocity of 0.5 m/s was maintained to study scour
progression. For each sediment size, scouring was conducted at a constant water depth
of 0.25 m with unchanged unit-width discharge (q). Scour equilibrium was defined as no
further increase in depth over 2 h, measured using an H-40 laser rangefinder. Calculated
scour depths based on Sun Zhilin’s formula were then compared with measured values.

According to the experimental design, the unit-width discharge was consistently
maintained at 0.125 m2/s. Measured scour depths and calculated values from the revised
Sun Zhilin’s formula are recorded in Table 5. Additionally, the measured unit-width
discharge (q = measured critical velocity × measured scour depth) was verified against the
constant design discharge to ensure consistency.

Table 5. Depth at scouring equilibrium for model sands.

Sediment Grain Size
(μm)

Scouring Duration Mins
(Including 2 h Scouring Balance

Holding Time)

Measured Scour
Depth (m)

Scouring Depth
Calculation Value (m)

5 290 0.27 0.243
10 482 0.31 0.275
50 1002 0.48 0.477

150 The 30 cm thick sediment block was
completely scoured, lasting 630 0.55 0.57

350 1157 0.54 0.51

The 5 μm sediment, as shown in Table 2 of the scour duration records, exhibited the
least scouring among the five sediment sizes. According to Sun Zhilin’s formula, a flow
velocity of 0.5 m/s at h = 0.25 m precisely initiates bed sediment motion. Experimentally,
after 170 min of scouring, equilibrium was achieved with no depth change for 120 min,
yielding an extremely slow scouring process and a stabilized scour depth of 0.27 m. Given
the standard deviation (σD) of 1.46 for 5 μm sediment, this implies that particles significantly
larger than 5 μm were likely entrained during scouring. The measured scour depth
exceeded the calculated equilibrium value by 7.4%.
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For 10 μm sediment, after 362 min of scouring, the measured depth stabilized at 0.31 m
with a critical velocity vc,i ≈ 0.42 m/s and unit-width discharge q = 0.130 m2/s. Using
Sun Zhilin’s formula, the calculated scour depth vc,i = 0.45 m/s is 0.275 m, resulting in an
11.3% overestimation by measurements.

Similarly, 50 μm sediment reached a stable scour depth of 0.48 m after 882 min, with
a measured vc,i ≈ 0.26 m/s. The formula predicts a depth of 0.477 m at vc,i = 0.32 m/s,
showing a negligible deviation of 0.07%—the closest agreement.

Notably, 150 μm sediment, with the smallest critical velocity, demonstrated the most
pronounced scouring. After 630 min, a 30 cm-thick sediment layer was fully eroded,
achieving a scour depth of 0.55 m (highlighted in Figure 8). The calculated depth of 0.57 m
aligns with experimental trends but exceeds the preset limit of 0.55 m.

For the largest size (350 μm), equilibrium required 1037 min, followed by 120 min
of stability, yielding the maximum scour depth of 0.54 m. The formula predicts 0.51 m,
differing by 5.6%.

The scour depth experiments confirm that Sun Zhilin’s formula, which slightly un-
derestimates measured depths, remains applicable to 5 μm, 10 μm, 50 μm, and 350 μm
sediments in this study. Calculated depths generally exceeded measurements by an aver-
age of 6.09%. With errors within 30%, the formula is suitable for submarine cable scour
protection design in the target marine area.

4. Conclusions

This study systematically investigated the relationships among critical velocity, scour
duration, and scour depth for five different sediment sizes under controlled experimental
conditions. By evaluating various sediment incipient motion formulas, a particular focus
was placed on identifying and refining a formula suitable for predicting sediment transport
characteristics in the target marine environment. The findings provide valuable insights
into sediment mobility and the mechanisms governing scour processes, which are essential
for the design and protection of submarine cables.

Research indicates that the initiation flow velocity is correlated with water depth,
with greater depths corresponding to higher sediment mobilization velocities. Empirical
measurements and calculations confirm that, at the same water depth, sediment particles
smaller than 150 μm exhibit an inverse relationship between particle size and initiation
flow velocity; specifically, smaller particles require lower velocities to mobilize. Conversely,
for particles larger than 150 μm, the initiation flow velocity increases with particle size. In
this study, the maximum measured initiation flow velocity of approximately 0.6 m/s was
observed for 5 μm sediment at a depth of 0.55 m.

The performance of the revised formula proposed in this study was evaluated across
different sediment sizes. For particles equal to or larger than 50 μm, the formula exhib-
ited strong agreement with experimental measurements, with an average deviation of
3.7%. However, for finer particles (<50 μm), deviations from measured velocities were
observed, necessitating modifications to improve accuracy. By introducing refined parame-
ters (d0 = 0.045 mm and c = 0.033), the revised formula successfully reduced deviations to
less than 5%, demonstrating its improved predictive capability for finer sediments.

The analysis of scour dynamics revealed that lower critical velocities are associated
with shorter times required to achieve equilibrium scour depths and increased scour rates.
This suggests that finer sediments, which are more readily mobilized, experience a more
rapid evolution of scour compared to coarser sediments. Furthermore, higher Froude
numbers (Fr) and relative velocities (U/U0) significantly enhance scour rates, underscoring
the critical role of hydrodynamic forces in sediment transport processes. These findings
highlight the importance of flow conditions in determining scour depth and duration,

182



Water 2025, 17, 1310

particularly in marine environments where strong currents and wave action significantly
influence sediment stability.

The practical applicability of the revised formula was further assessed through scour
depth predictions for sediments of 5 μm, 10 μm, 50 μm, and 350 μm. The formula demon-
strated reliable performance, with an average error of 6.09%, and all discrepancies remained
within 30%. This validation confirms the formula’s suitability for estimating natural scour
depths, providing a robust theoretical foundation for submarine cable protection design
and other marine engineering applications.

Overall, this study advances the understanding of sediment transport mechanisms
by systematically analyzing the influence of sediment size, water depth, and flow velocity
on scour dynamics. The refined predictive model enhances the accuracy of scour depth
estimations, contributing to improved engineering designs for coastal and offshore infras-
tructure. Future work should prioritize field-scale validation under real-world tidal and
storm conditions, alongside investigations into sediment cohesion variability with moisture
and clay content. Integrating stochastic frameworks and multi-phase flow models could
further bridge gaps between laboratory predictions and natural scour behavior, ultimately
advancing global submarine cable resilience.
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Abstract

Rainfall characteristics during the rice growth period were analyzed using long-term data
(1986–2017) from three typical irrigation stations, namely, Pinghu, Jinqing, and Yongkang
in East China. Annual rainfall, concentration indices, and monthly distributions were
examined, and the soil–water balance method was applied to estimate effective rainfall
(precipitation) from 2018 to 2020. Results showed that rainfall during the growth period
generally accounted for 40–80% of the annual total rainfall, with more than 60% of the years
exceeding half of the annual rainfall. The effective precipitation utilization coefficients at
Pinghu Station reached 0.573, 0.644, and 0.764 in 2018, 2019 and 2020, respectively, indicat-
ing relatively high utilization efficiency and confirming effective precipitation as a major
water source during rice growth. High utilization was observed for extreme rainfall events
(≥30 mm or ≤5 mm), whereas moderate rainfall (5–30 mm) showed larger variability due
to soil and management factors. To further improve quantitative assessment, a Support
Vector Regression (SVR) model was employed to predict daily effective precipitation using
rainfall, antecedent precipitation index (API), drought days, and extreme rainfall indicators
as inputs. The effective precipitation utilization coefficient was then derived as the ratio
of effective to total precipitation. The optimized SVR model achieved a coefficient of
determination of R2 = 0.904 and a root mean square error (RMSE) of 4.58 mm for daily
effective precipitation, effectively capturing the nonlinear relationship between rainfall
characteristics and effective precipitation. These findings highlight that the machine learn-
ing method can complement existing estimation models, offering an alternative tool for
irrigation scheduling and water-saving crop cultivation.

Keywords: rice growth period; rainfall characteristics; effective precipitation; precipitation
utilization coefficient; Support Vector Regression (SVR)

1. Introduction

Rice is a water-intensive crop that requires substantial water throughout its growth
cycle. In addition to artificial irrigation, rainfall serves as a major source for meeting the
crop’s water demand during development [1–3]. Consequently, analyzing the characteris-
tics of rainfall and its effective precipitation during the rice-growing season is of critical

Water 2025, 17, 3542 https://doi.org/10.3390/w17243542
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importance for understanding the hydrological environment of paddy fields [4,5]. Further-
more, effective precipitation, as one of the key components of the paddy water balance, is
also an essential element in the development of irrigation forecasting models. Study on
effective precipitation in paddy fields has therefore become a necessary step in supporting
the modernization of irrigation district information systems [6,7].

In recent years, numerous studies have examined the rainfall characteristics and
effective precipitation for different crops across various regions. For example, Wei [8]
investigated the spatial and temporal distribution of precipitation during the summer
maize growing season in the Heilonggang Basin, where groundwater over exploitation
is severe, providing a scientific basis for improving effective precipitation efficiency. Wu
et al. [9] analyzed effective precipitation and crop water demand for cassava in Guangxi
and reported significant differences in water requirements across growth stages, with a
southeast–northwest distribution gradient. Zhang et al. [10] assessed the effective utiliza-
tion of precipitation for flue-cured tobacco in Guizhou to optimize irrigation allocation
and water-use efficiency. Similarly, Chen [11] and Chen et al. [12] explored the temporal
and spatial characteristics of effective precipitation for wheat and cotton, offering valuable
references for irrigation planning and land water management. However, research focusing
on rainfall characteristics and effective precipitation in paddy fields remains relatively
limited, which has gradually emerged as a key research gap in the study of water and soil
cycling in rice cultivation systems.

Recent years have seen a growing body of data-driven studies that integrate machine
learning with irrigation management and hydrological prediction. Dehghanisanij et al. [13]
applied an intelligent model to evaluate functional properties of irrigated cotton under
treated wastewater, demonstrating the potential of machine learning for optimizing water
use efficiency. Emami et al. [14] employed a meta-heuristic-optimized SVR model for
discharge coefficient prediction on labyrinth weirs, further highlighting the suitability of
SVR for nonlinear hydrological processes. Achite et al. [15] combined an election algorithm
with support vector regression to estimate hydrological drought indices with improved
accuracy. However, few studies have focused on effective precipitation utilization in paddy
fields, particularly in East China.

Previous studies have mainly focused on characterizing rainfall regimes or estimating
effective precipitation for individual crops and regions, while systematic analyses for paddy
fields in East China remain scarce. In particular, there is a lack of studies that combine long-
term rainfall statistics, soil–water balance-based effective precipitation, and data-driven
prediction models within a unified framework for irrigated rice systems. It is hypothesized
that the utilisation coefficients of effective precipitation can be predicted with reasonable
accuracy using the SVR model, drawing on input variables related to rainfall characteristics
and field water conditions. This hypothesis is based on the assumption that these factors
play a key role in determining how efficiently rainfall is utilised in rice cultivation, and that
a machine learning model like SVR can capture these complex relationships. Therefore, this
study aims to: (i) characterise the long-term rainfall pattern during the rice-growing season
at three typical irrigation stations in East China; (ii) quantify the effective precipitation and
its utilisation coefficient using a soil–water balance approach; (iii) develop a Support Vector
Regression (SVR) model to predict daily effective precipitation utilisation coefficients based
on rainfall characteristics and field-water conditions. This integrated framework provides
new insights and a practical tool for irrigation scheduling and water-saving rice cultivation
in East China.
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2. Materials and Methods

2.1. Site Description

The Pinghu, Jinqing, and Yongkang Irrigation Experimental Stations are key sites
within the irrigation experiment system of Zhejiang Province, East China. The Pinghu
station (121◦16′ E, 30◦71′ N) has silty clay soil derived from marine sediments, with a
bulk density of 1.3–1.4 g/cm3. The Jinqing station (121◦51′ E, 28◦51′ N) is characterized
by tidal clay soils with a bulk density of 1.1–1.2 g/cm3. The Yongkang station (119◦96′ E,
28◦93′ N) is situated at an elevation of 85.4 m, with sandy clay soils and a bulk density of
1.4–1.5 g/cm3.

These three stations are representative of typical agricultural regions in East China:
the Hangjiahu Plain (Pinghu), the coastal island zone of eastern Zhejiang (Jinqing), and the
hilly low-mountain region of southeastern Zhejiang (Yongkang). Each station is equipped
with instruments such as soil moisture sensors, field water level gauges, leaf area meters,
chlorophyll meters, and soil solution samplers, enabling research on water-saving irrigation
technologies for rice, water-saving and pollution-reduction practices, and irrigation regimes
for crops.

2.2. Data Sources

Rainfall data during the rice-growing season (June–November) from 1986 to 2017
at the three irrigation stations (Pinghu, Jinqing and Yongkang) were obtained from rou-
tine meteorological observations at the experimental sites. Daily rainfall represents the
accumulated precipitation from 08:00 to 08:00 of the following day. Before analysis, the
long-term daily series were subjected to basic quality control. The records were checked for
completeness and internal consistency, and obviously erroneous values (such as negative
rainfall or isolated unrealistically large peaks inconsistent with neighbouring days) were
removed. Years with substantial data gaps during the rice-growing season were excluded
from the statistical analysis. Based on the cleaned daily series, the seasonal rainfall totals,
monthly average rainfall and rainfall concentration indices were calculated for each station.
For Pinghu station, effective precipitation during the rice-growing seasons of 2018–2020
was further analysed using field-measured data, including crop transpiration, deep per-
colation, irrigation depth and crop water requirement. In combination with the observed
daily rainfall, these field data were used as inputs to the soil–water balance method [16]
described in Section 2.3 to calculate daily effective precipitation in the root zone and the
corresponding effective precipitation utilisation coefficient. The soil–water balance was
evaluated at the field scale under the assumption that soil properties and management prac-
tices are spatially uniform within each experimental plot. This simplification is necessary
because only plot-averaged data are available from the irrigation stations.

2.3. Methods

The three irrigation stations (Pinghu, Jinqing, and Yongkang) were selected as repre-
sentative sites to analyze the interannual spatial–temporal variations of rainfall, rainfall
concentration index, and the long-term trend of mean monthly rainfall during the rice-
growing season (June–November) from 1986 to 2017. The objective was to identify rainfall
characteristics across different regions of Zhejiang Province in East China.

For Pinghu station, data from the rice-growing seasons of 2018, 2019, and 2020 were
analyzed, including transpiration, deep percolation, and crop water requirements. Effective
precipitation was estimated, and the effective precipitation utilization coefficient was
calculated to explore the distribution and characteristics of effective precipitation at the
representative site.
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In the soil–water balance calculation, an effective root zone depth of 0.20 m was
assumed uniformly for the Pinghu, Jinqing, and Yongkang irrigation stations, representing
the typical plough layer and main rooting zone of lowland rice in the study region.

2.3.1. Effective Precipitation

According to the handbook [17] and based on the soil–water balance equation, a
real-time estimation method was applied. The formula is expressed as:

Pe = Wt − W0 − D + ETt (1)

where Pe is the effective rainfall or precipitation (mm), Wt is the soil water storage on
the second day after rainfall (mm), W0 is the soil water storage before rainfall (mm),
and ETt is the field evapotranspiration during the rainfall period (mm), which can be
estimated using the Penman–Monteith equation. Surface drainage and deep percolation
losses are represented by the term D in Equation (1). Due to limited field measurements,
D was estimated using empirical coefficients recommended in the regional irrigation
guidelines [18].

2.3.2. Effective Precipitation Utilization Coefficient

The effective precipitation utilization coefficient is defined as the ratio of effective
precipitation to total precipitation within a given period:

R = Pe/P (2)

where R is the effective precipitation utilization coefficient, Pe is the effective precipitation
(mm), and P is the total precipitation (mm).

In this study, rainfall, effective precipitation and utilisation coefficients during the
rice-growing season were first summarised using descriptive statistics (such as interannual
means and ranges) before further analysis of their temporal variation and spatial differences
among the three stations

2.4. Prediction with a Machine Learning Model

To further enhance the quantitative analysis of water utilization processes in paddy
fields, this study introduces a machine learning approach to predict the effective precipita-
tion utilization coefficient. In this study, an ε-insensitive support vector regression (SVR)
model [19] with a radial basis function (RBF) kernel was employed to predict the effective
precipitation utilisation coefficient. Given an input vector xi that contains daily rainfall, the
7-day antecedent precipitation index, the number of consecutive dry days and the extreme
rainfall indicator, the SVR seeks a regression function

f (x) = ∑N
i=1(αi − α∗i )K(xi, x) + b (3)

where K(xi, x) = exp
(−γ ‖ xi − x ‖2) is the RBF kernel, αi and α∗i are Lagrange multi-

pliers, γ is the kernel width, C is the regularisation parameter controlling the trade-off
between model complexity and training error, and ε defines the width of the ε-insensitive
loss function.

2.4.1. Input and Output

The selection of input variables was based on a comprehensive consideration of rainfall
characteristics and field water conditions, including:

(1) Daily rainfall Pt, representing the precipitation on day t;
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(2) Antecedent wetness indicators, including the cumulative rainfall over the previous
seven days and the number of consecutive dry days. The former was represented by
the Antecedent Precipitation Index (API), calculated as follows [20]:

APIt = ∑n
i=2 Pt−iki (4)

where APIt denotes the antecedent precipitation index at time t, Pt−i is the rainfall on
day t − i, and k is the recession coefficient (0 < k < 1, commonly set to 0.80 − 0.90),
reflecting the attenuation effect of prior rainfall on soil moisture conditions. In this study,
the preceding seven days (n = 7) were considered, following the definition by Kohler &
Linsley [18]. The number of consecutive dry days was defined as the duration without
rainfall and was used to capture the impact of sustained dry conditions on soil moisture
status and rainfall utilization.

(3) Extreme rainfall events, where precipitation exceeding a threshold (≥50 mm) was
assigned a value of 1, otherwise 0.

The output variable was defined as daily effective precipitation Pe (mm).

2.4.2. Model Construction and Parameter Optimization

During model training, the dataset was first randomly shuffled and then divided into
a training set (75%), validation set (15%), and test set (15%). The Support Vector Regression
(SVR) model with a radial basis function (RBF) kernel was adopted. The penalty parameter
C and kernel parameter γ were optimized using grid search.

2.4.3. Model Evaluation Metrics

To evaluate the predictive performance, this study employed the root mean square
error (RMSE) and the coefficient of determination (R2) as evaluation metrics.

RMSE =

√
1
n ∑n

i=1(yi − ŷi)
2 (5)

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − _

y)2 (6)

where yi denotes the observed values, ŷi the predicted values,
_
y the mean of observed

values, and n the number of samples. RMSE reflects the magnitude of prediction errors,
while R2 measures the consistency between predicted and observed values.

Based on the available rainfall and field water condition data, the proposed approach
enables the prediction of the effective precipitation utilization coefficient. Compared with
traditional empirical models, the support vector regression (SVR) method is capable of
capturing nonlinear relationships, making it more suitable for scenarios in which paddy
water processes are influenced by multiple interacting factors. The prediction results can
provide both data support and theoretical basis for irrigation scheduling optimization and
water-saving rice cultivation.

3. Results

3.1. Rainfall Characteristics in Typical Regions
3.1.1. Interannual Rainfall Analysis

Rainfall data from the rice-growing season (June–November) during 1986–2017 at
Pinghu, Jinqing, and Yongkang stations were analyzed. Assuming spatial uniformity
of rainfall within the representative regions, the temporal distribution and variability of
rainfall at each station were examined.
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As shown in Figure 1, the average rainfall during the rice-growing season at Pinghu
Station was 734 mm, ranging from 303 mm in 2003 to 1038 mm in 1993. At Jinqing Station,
the average seasonal rainfall was 1092 mm, with a range of 536 mm (2003) to 1681 mm
(1990). Yongkang Station recorded an average of 817 mm, with values ranging from 392 mm
(2003) to 1304 mm (1989). Among the three sites, Jinqing Station exhibited the highest long-
term average rainfall, followed by Yongkang, while Pinghu recorded the lowest. Notably,
the minimum rainfall in all three stations occurred in 2003, consistent with the widespread
summer–autumn drought reported in Zhejiang Province during that year.
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Figure 1. Statistical distribution of rainfall during the rice-growing season (June–November) from
1986 to 2017 for (a) Pinghu; (b) Jinqing; (c) Yongkang.
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The ratios of maximum to minimum seasonal rainfall were 2.43, 2.14, and 2.33 at
Pinghu, Jinqing, and Yongkang stations, respectively, indicating substantial interannual
variability in rainfall during the rice-growing season.

Based on the trend analysis of rainfall during the rice-growing season from 1986 to
2017, the regression slopes at Pinghu and Yongkang stations were 3.8 and 3.3, respectively,
indicating upward trends. This suggests that rainfall during the rice-growing season at
these two stations has gradually increased, with a high likelihood of continuous increases
in the future. In contrast, Jinqing station exhibited a downward trend with a slope of −1.9,
suggesting that seasonal rainfall has been decreasing over the same period, with a high
probability of further reductions in the future.

3.1.2. Rainfall Concentration During the Rice-Growing Season

Rainfall concentration reflects the proportion of rainfall occurring within a specific
period relative to the annual total, thereby indicating the degree of temporal clustering. In
this study, the rainfall concentration of the rice-growing season was defined as the ratio of
rainfall from June to November to the total annual rainfall. Analyzing the proportion of
seasonal rainfall to annual totals provides valuable insights into the extent to which rainfall
influences rice water availability during the growing season.

The rainfall concentration index during the rice-growing season generally falls be-
tween 40% and 80% at the three stations (Figure 2), indicating that a considerable portion of
the annual rainfall is received during the rice-growing period. Years with a concentration
index exceeding 50% account for 25, 28 and 21 years at Pinghu, Jinqing and Yongkang,
respectively, corresponding to more than 60% of the study period at each site. In these
years, over half of the annual rainfall occurs during the rice-growing season, providing
favourable hydrological conditions for rice growth and development.
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Figure 2. Statistical distribution of rainfall concentration during the rice-growing season (1986–2017)
at the representative stations (Pinghu, Jinqing and Yongkang).

Extreme concentration can also occur. For example, in 2011 the rainfall concentration
index reached 84.8% at Pinghu, 68.3% at Jinqing and 75.0% at Yongkang, implying that most
of the annual rainfall was concentrated in the growing season. Such years are characterised
by not only high seasonal rainfall but also relatively long and intense rainfall events, which
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may increase the risk of flooding and waterlogging. On the basis of these observations, a
further analysis of the monthly rainfall distribution is needed to reveal how rainfall timing
interacts with the critical stages of rice growth.

3.1.3. Monthly Rainfall During the Rice-Growing Season

The monthly average rainfall during the rice-growing season (June–November) from
1986 to 2017 was calculated for Pinghu, Jinqing, and Yongkang stations, and corresponding
trend and distribution plots were generated.

As shown in Figure 3, rainfall at Pinghu Station ranged from 61 mm in October to
202 mm in June. Rainfall from June to September accounted for 83% of the seasonal total,
showing an overall decreasing trend, with a pronounced decline after August. At Jinqing
Station, monthly rainfall ranged from 80 mm (October) to 291 mm (August). Rainfall
from June to September accounted for 84% of the seasonal total, also displaying an overall
decreasing trend with a sharp reduction after August. In addition, rainfall fluctuated
between June and August, first decreasing and then increasing, followed by a marked
decline from August to November. At Yongkang Station, rainfall ranged from 64 mm
(October) to 268 mm (June). Rainfall from June to September accounted for 82% of the
seasonal total, showing a pattern similar to Pinghu Station, with an overall downward
trend and a sharp decline after August.

Overall, the rainfall at the three representative stations was predominantly concen-
trated between June and September, contributing more than 80% of the seasonal total.
According to the rice irrigation schedule in East China, this period coincides with the
critical growth stages of tillering, jointing–booting, and heading–flowering, during which
rice is highly sensitive to water stress. Higher rainfall during these stages is therefore
crucial for meeting water requirements and ensuring normal crop development. Further-
more, during the flood season, when individual rainfall events may be intense, effective
utilization of rainfall—while avoiding waterlogging—should be considered, which has
positive implications for water-saving irrigation in rice production.

(a)

Figure 3. Cont.
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(b)

(c)

Figure 3. Variation of average monthly rainfall during the rice-growing season (June–November)
from 1986 to 2017 at the representative stations (a) Pinghu, (b) Jinqing and (c) Yongkang.

3.2. Analysis Based on the Soil–Water Balance Method
3.2.1. Results of Effective Precipitation Calculation

In this study, the rainfall data from 2018 to 2020 at Pinghu Station were used to calculate
effective precipitation using the soil–water balance equation. The effective precipitation
utilization coefficient was defined as the ratio of effective precipitation to total precipitation.

As shown in Table 1, during the 2018 rice-growing season, there were 14 rainfall days
with a total precipitation of 429.2 mm, of which 245.9 mm was classified as effective precip-
itation. The overall effective precipitation utilization coefficient for the season was 0.573.
Among these events, there were four instances of consecutive rainfall lasting more than
two days, with a total precipitation of 121.7 mm, effective precipitation of 88.4 mm, and an
effective precipitation utilization coefficient of 0.726. The highest utilization was recorded
on 12 August and 25 August, when the effective precipitation utilization coefficients both
reached 1.000. By contrast, the lowest utilization occurred on 23 September, with a rainfall
of 3.5 mm and effective precipitation of only 0.5 mm, corresponding to a coefficient of 0.143.
This low value was attributed to consecutive rainfall events on 21–22 September, which
reduced the subsequent effective utilization.
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Table 1. Effective precipitation and coefficients at Pinghu station in 2018.

Date Rainfall (mm) Effective Precipitation (mm) Effective Precipitation Utilization Coefficient

22 July 24 13.5 0.563
4 August 139 106.5 0.766
12 August 0.5 0.5 1
17 August 48.5 36 0.742
18 August 10.5 8 0.762
21 August 11.5 5.5 0.478
25 August 1 1 1
26 August 10 7.5 0.75

7 September 19.5 17 0.872
9 September 2 2 1
17 September 144 37 0.257
21 September 8.5 6 0.706
22 September 6.7 4.9 0.731
23 September 3.5 0.5 0.143

Total 429.2 245.9 0.573

In 2018, a total of 11 rainfall events exhibited an effective precipitation utilization
coefficient greater than 0.5, accounting for 79% of the rainfall days during the growing
season, which indicates relatively high utilization. However, the degree of effective precipi-
tation utilization coefficients varied considerably throughout the season, with some events
showing very high efficiency and others much lower. As a result, the overall effective
precipitation utilization coefficient in 2018 was the lowest among the three representa-
tive years.

At Pinghu station in 2019, the calculated effective precipitation and corresponding
coefficients are shown in Table 2. During the rice-growing season, there were 11 rainfall
days with a cumulative precipitation of 451.0 mm, of which 290.4 mm was effective
precipitation. The seasonal effective precipitation utilization coefficient reached 0.644.
Within this period, three episodes of consecutive rainfall lasting more than two days were
observed, with a total precipitation of 286.0 mm, effective precipitation of 199.5 mm, and
a coefficient of 0.698. The highest daily utilization occurred on 10 August, when rainfall
reached 75.0 mm, effective precipitation was 71.5 mm, and the coefficient rose to 0.953. In
contrast, the lowest efficiency was recorded on 24 August, with only 1.0 mm of effective
precipitation out of 4.5 mm of rainfall, corresponding to a coefficient of 0.222. Overall, eight
rainfall days (73% of the total) had coefficients greater than 0.5, suggesting that rainfall in
2019 was effectively utilized at a relatively high level.

Table 2. Effective precipitation and coefficients at Pinghu station in 2019.

Date Rainfall (mm) Effective Precipitation (mm) Effective Precipitation Utilization Coefficient

5 August 54.5 14 0.257
9 August 2 1 0.5
10 August 75 71.5 0.953
11 August 155.5 95.5 0.614
24 August 4.5 1 0.222
26 August 2 1 0.5
28 August 11 3.5 0.318
30 August 31.5 21 0.667

1 September 9 6 0.667
22 September 17 8.5 0.5

2 October 89 67.4 0.757
Total 451 290.4 0.644
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According to Table 3, during the 2020 rice-growing season at Pinghu station, there
were 14 rainfall days with a total precipitation of 581.5 mm, of which 444.3 mm was
classified as effective precipitation. The overall effective precipitation utilization coefficient
for the season was 0.764. Among these events, four episodes of consecutive rainfall lasting
more than two days were observed, with a cumulative precipitation of 495.5 mm, effective
precipitation of 390.7 mm, and an effective coefficient of 0.788.

Table 3. Effective precipitation and coefficients at Pinghu station in 2020.

Date Rainfall (mm) Effective Precipitation (mm) Effective Precipitation Utilization Coefficient

25 July 2.5 1.9 0.76
27 July 0.5 0.3 0.6
29 July 9.5 1.6 0.168

5 August 316.5 266.5 0.842
6 August 21 0.5 0.024
28 August 9.5 2.5 0.263

11 September 53 40 0.755
17 September 77 58 0.753
18 September 42 36.5 0.869
19 September 12 12 1
28 September 14 9.5 0.679

16 October 17 13.7 0.806
17 October 5.5 0.5 0.091

2 November 1.5 0.8 0.533
Total 581.5 444.3 0.764

The highest daily utilization was recorded on 19 September, when rainfall reached
12.0 mm and was fully effective, yielding a coefficient of 1.000. In contrast, the lowest
utilization occurred on 6 August, with 21.0 mm of rainfall but only 0.5 mm of effective
precipitation, corresponding to a coefficient of 0.024. This exceptionally low value was
attributed to a preceding extreme rainfall event on 5 August, when precipitation reached
316.5 mm and effective precipitation was 266.5 mm, thereby significantly reducing the
effective utilization of the subsequent day’s rainfall.

Overall, eight rainfall days exhibited coefficients greater than 0.6, accounting for 57%
of the total rainfall days during the season, suggesting that rainfall utilization efficiency in
2020 was relatively high.

3.2.2. Analysis of Effective Precipitation Utilization Coefficients

Daily rainfall events during the representative years 2018–2020 were ranked in de-
scending order, and the corresponding distribution of rainfall and effective precipitation
utilization coefficients is shown in Figure 4. When daily rainfall exceeded 30 mm, the uti-
lization coefficient was generally above 0.67, indicating that nearly 70% of the rainfall was
converted into effective precipitation in paddy fields. Exceptions occurred on 17 September
2018 (144 mm) and 5 August 2019 (54.5 mm), where the coefficients were only 0.257. These
low values were mainly attributed to full irrigation applied prior to the rainfall events,
which reduced the effective utilization of the subsequent precipitation.

When daily rainfall was less than 5 mm, four events recorded a coefficient of 1.000,
while two events had coefficients of 0.900 and 0.800, respectively; all other cases remained
above 0.5. This suggests that under such conditions, small rainfall events were effectively
utilized by paddy fields. In contrast, when daily rainfall fell within the range of 5–30 mm,
the utilization coefficient varied widely between 0.024 and 1.000, showing a highly scattered
distribution. This indicates that in this range, the conversion of rainfall into effective
precipitation was less consistent and likely influenced by additional field factors.
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Figure 4. Distribution of daily rainfall and corresponding effective precipitation utilization coefficients
at Pinghu station during 2018–2020.

In summary, when rainfall is relatively high (P ≥ 30 mm), the effective precipitation
utilization coefficient is generally large, indicating a higher efficiency of rainfall use in
paddy fields. Under conditions where waterlogging is prevented, such rainfall is beneficial
for rice growth and development during critical stages such as tillering, jointing–booting,
and heading–flowering. When rainfall is relatively low (P ≤ 5 mm), the coefficient is
also high, suggesting that rice paddies, as a water-intensive cropping system, possess a
certain storage capacity that enables efficient retention and absorption of small rainfall
events. This process contributes to regulating soil moisture conditions and supporting crop
growth and development. By contrast, when rainfall is moderate (5 mm < P < 30 mm),
the precipitation coefficient exhibits a highly scattered distribution. This implies that
the effective use of rainfall in this range is more sensitive to additional factors, such as
antecedent soil moisture, irrigation–drainage practices, and field engineering conditions,
which require further investigation. It should be noted that the class boundaries P ≤ 5 mm,
5 mm < P < 30 mm, and P ≥ 30 mm were not taken from technical standards but were chosen
empirically, after preliminary analysis indicated distinct patterns of effective precipitation
utilization within these three rainfall ranges.

3.3. Analysis Based on Support Vector Regression
3.3.1. Model Evaluation

To further investigate the prediction of the effective precipitation utilization coeffi-
cient, this study selected daily rainfall data from the Pinghu station during 2018–2020,
together with the corresponding effective precipitation data, as the modeling samples.
Considering that extremely small or large outliers might lead to bias in model training,
the raw data were subjected to screening and cleaning. Only representative samples that
are physically meaningful and capable of accurately reflecting the dynamics of paddy
field water conditions were retained to ensure the scientific validity and reliability of the
modeling process.

Table 4 summarizes the processed dataset used for model construction, which includes
daily rainfall (Pt), the 7-day antecedent precipitation index (API), consecutive dry days (D),
extreme rainfall event indicator (E), as well as the effective precipitation and the effective
precipitation utilization coefficient (R) calculated based on the soil–water balance method.
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These variables together constitute the core inputs and outputs for machine learning
modeling, providing the fundamental basis for model training, validation, and prediction.

Table 4. Modeling data at Pinghu station from 2018 to 2020.

Date Rainfall/mm 7-Day API
Consecutive

Dry Days
Extreme Rainfall

Within 7 Days
Effective

Precipitation/mm
Effective Precipitation

Coefficient

22 July 2018 24 0 14 0 13.5 0.563
04 Aug 2018 139 1.200 10 0 106.5 0.766
17 Aug 2018 48.5 11.081 3 0 36 0.742
18 Aug 2018 10.5 56.257 0 0 8 0.762
21 Aug 2018 11.5 15.330 3 0 5.5 0.478
25 Aug 2018 1 6.870 2 0 1 1
26 Aug 2018 10 4.944 3 0 7.5 0.75
07 Sep 2018 19.5 12.494 2 0 17 0.872
09 Sep 2018 2 26.901 0 0 2 1
21 Sep 2018 8.5 71.442 2 0 6 0.706
22 Sep 2018 6.7 58.509 0 0 4.9 0.731
23 Sep 2018 3.5 47.656 0 0 0.5 0.143
05 Aug 2019 54.5 5 0 0 14 0.257
09 Aug 2019 2 19.894 3 0 1 0.5
10 Aug 2019 75 15.925 4 0 71.5 0.953
11 Aug 2019 155.5 86.148 0 0 95.5 0.614
24 Aug 2019 4.5 0 9 0 1 0.222
26 Aug 2019 2 3.15 1 0 1 0.5
28 Aug 2019 11 2.943 3 0 3.5 0.318
30 Aug 2019 31.5 16.142 0 0 21 0.667
01 Sep 2019 9 42.799 0 0 6 0.667
22 Sep 2019 17 0 14 0 8.5 0.5
02 Oct 2019 89 0 11 0 67.4 0.757
25 Jul 2020 2.5 22.857 0 0 1.9 0.76
27 Jul 2020 0.5 12.950 2 0 0.3 0.6
29 Jul 2020 9.5 6.489 4 0 1.6 0.168

06 Aug 2020 21 316.5 0 1 0.5 0.024
28 Aug 2020 9.5 0 16 0 2.5 0.263
11 Sep 2020 53 0 7 0 40 0.755
17 Sep 2020 77 24.203 0 0 58 0.753
18 Sep 2020 42 93.942 0 0 36.5 0.869
19 Sep 2020 12 103.394 0 0 12 1
28 Sep 2020 14 0.838 8 0 9.5 0.679
16 Oct 2020 17 0 17 0 13.7 0.806
17 Oct 2020 5.5 17 0 0 0.5 0.091
02 Nov 2020 1.5 0 15 0 0.8 0.533

In terms of data partitioning, 10% of the overall dataset was first set aside as a valida-
tion set to evaluate the model’s generalization capability on unseen data. The remaining
90% of the samples were further divided into training and testing sets in a 7:3 ratio,
ensuring a balance between parameter optimization and performance evaluation. This
design allowed the model to fully learn data characteristics during training while enabling
independent validation of its prediction stability and practical applicability.

3.3.2. Prediction Results of the Effective Precipitation Utilization Coefficient

The results indicate that the optimal parameters were obtained as C = 1000 and
γ = 0.01. On the testing dataset, the coefficient of determination reached R2 = 0.904, and
the root mean square error (RMSE) was 4.584 mm. These results demonstrate that the
predicted values are highly consistent with the observed values, suggesting that the SVR
model can effectively capture the nonlinear relationship between rainfall characteristics
and the effective precipitation coefficient. Because the field-measured data required for
the soil–water balance (including crop transpiration, deep percolation, irrigation depth
and drainage) were only available at Pinghu station during 2018–2020, the SVR model was
developed and validated exclusively for this station, which is taken as a representative
irrigated paddy area in East China.
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Figure 5 presents the comparison between predicted and observed values in the form
of line plots. The overall trends show a high degree of agreement, indicating that the model
can accurately reflect the variation of the effective precipitation utilization coefficient under
different rainfall events. For most samples, the prediction errors are relatively small, and
the discrepancies between observed and predicted values remain within a reasonable range,
which demonstrates the strong fitting capability of the SVR model.

Figure 5. Comparison between observed and SVR-predicted effective precipitation at Pinghu Station
during 2018–2020.

The scatter comparison (Figure 6) shows that the predicted and observed values
exhibit good overall agreement in the low-value range (effective precipitation ≤ 20 mm),
with most points distributed near the 1:1 reference line, indicating that the model provides
reliable predictions under light and moderate rainfall conditions. However, in the high-
value range (>80 mm), the model demonstrates a clear underestimation, with predicted
values significantly lower than the observed ones. This suggests that the SVR model has
limited fitting capability under extreme rainfall events, which may be attributed to the
scarcity of high-value samples in the training set and the insufficient representation of
threshold processes by the input features. Consequently, the extrapolation capability of the
SVR model under extreme rainfall conditions remains limited and should be improved in
future work by extending the time series and enriching the predictor variables. Overall,
the model performs with satisfactory stability and accuracy in the low-value range, but
prediction bias emerges in the high-value range, implying that further optimization is
required through sample augmentation or improvements in the modeling approach.
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Figure 6. Scatter plot comparing observed and predicted effective precipitation utilization coefficients.

3.4. Discussion

The results reveal pronounced interannual variability in rainfall at Pinghu, Jinqing,
and Yongkang, with Pinghu showing the lowest and Jinqing the highest seasonal totals.
Similar spatial contrasts and strong year-to-year fluctuations in rice-growing rainfall have
been reported for East-China paddy regions, where such variability is a key driver of
irrigation demand and soil–water balance [21]. The relatively high rainfall concentration
indices at Jinqing and Yongkang indicate that a large share of seasonal rainfall is delivered
by a limited number of events, consistent with studies noting increasing precipitation
concentration and its implications for waterlogging and flood risk in Asian rice systems [22–
24].

The monthly patterns show an early-season rainfall peak at Pinghu and a more
uniform distribution at Jinqing, underscoring intra-regional differences in rainfall timing
that may require station-specific irrigation scheduling and field-management strategies.
This spatial heterogeneity agrees with previous work highlighting that even within a
single climatic region, local rainfall regimes can diverge sufficiently to justify differentiated
water-saving measures in rice production [24,25].

The SVR model reproduces effective precipitation utilization coefficients well under
light and moderate rainfall, in line with earlier applications of machine-learning mod-
els for hydro-meteorological prediction in agriculture [26–28]. Underestimation in the
high-rainfall range reflects a common limitation of data-driven approaches, which often
struggle to extrapolate to rare extremes that are under-represented in the training set [27,28].
Enlarging the sample to include more extreme events and enriching the predictor set with
additional climatic and soil–water indicators should enhance robustness, while the cur-
rent performance already demonstrates the potential of SVR as a practical tool to support
water-saving irrigation scheduling in paddy fields.

4. Conclusions

This study analyzes the rainfall characteristics and effective precipitation utilization in
the rice-growing season at three representative stations in East China. The key findings are
summarized as follows:

(1) The mean seasonal rainfall during 1986–2017 show significant interannual variability
among the three stations of interest. The historical data suggests that more than
60% of the rainfall occurs during the rice-growing season, providing favorable water
availability for rice production.
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(2) Over 80% of the rainfall occurred from June to September at all stations, which
coincides with critical growing stages. This highlights the importance of early-season
rainfall in supporting crop water requirements.

(3) At Pinghu, between 2018 and 2020, effective precipitation accounted for 57% to 76%
of the seasonal rainfall, demonstrating that effective precipitation is a crucial water
source for paddy fields under the study conditions.

(4) The effective precipitation utilization coefficient showed non-linear responses to
rainfall magnitude. High coefficients were observed for both heavy rainfall events
and small showers, suggesting efficient water use, whereas moderate rainfall showed
more variability, influenced by soil moisture and field management practices.

(5) The SVR model generally well predicts the effective precipitation utilization coef-
ficient. It can be an alternative approach for prediction of effective precipitation
utilization, which could be helpful to optimize irrigation schedules based on fore-
casted rainfall. However, the model underestimates high-value cases due to limited
extreme event samples. Further improvements could be made by expanding the
dataset and enhancing the predictor variables.
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Abstract

With the rapid development of coastal and nearshore engineering projects in China, geo-
textile pipe and bag (GPB) structures have been increasingly applied in marine land
reclamation and coastal protection works. To better understand the mechanical behavior
of GPB structures on soft soil foundations, this study conducts a systematic investigation
into the mechanical properties of both soft soils and GPBs using a physical model test
system. By integrating numerical simulations, the stress–deformation characteristics of
GPB structures on soft soils and the evolution of pore pressure are further analyzed. The
results indicate that the compression curve of soft soil exhibits significant nonlinearity, with
silt showing higher apparent compressibility than silty clay. Experimental data yielded the
compression coefficient λ and rebound coefficient μ for both soil types. As consolidation
pressure increases, deviatoric stress in the soft soil rises notably, demonstrating typical
strain-hardening behavior. Based on these findings, the critical state effective stress ratio M
was determined for both soil types. The study also establishes the development laws of
cohesion c and friction angle ϕ during soil consolidation, as well as the variation of pore
water pressure under different confining pressures. Interface tests clarify the relationships
between cohesion and friction angle at the interfaces between geotextile pipe bags and sand,
and between adjacent pipe bag layers. Numerical simulations reveal that the reclamation
construction process significantly influences structural horizontal displacement. Significant
stress concentration occurs at the toe of the slope, while the central portion of the pipe-bag
structure experiences maximum tensile stress—still within the material’s allowable stress
limit. The installation of drainage boards effectively accelerates pore pressure dissipation,
achieving nearly complete consolidation within one year after construction. This research
provides a scientific foundation and practical engineering guidance for assessing the overall
stability and safety of (GPB) structures on soft soil foundations in coastal regions.

Keywords: coastal and offshore engineering; soft soil foundation; geotextile pipe-bag
structure; mechanical properties of soft soil; work behavior

1. Introduction

As a core zone of national economic development and urbanization, China’s coastal
regions have faced growing dual pressures from land scarcity and ecological conservation
in recent years. In major coastal economic belts—including the Yangtze River Delta, Pearl
River Delta, and Bohai Rim—intensive construction of industrial parks, port hubs, and
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emerging urban areas demands substantial land resources. However, terrestrial space
is increasingly saturated, making sea reclamation [1] and tidal flat development [2] crit-
ical strategies for alleviating land-use conflicts. These regions are widely underlain by
thick deposits of recently formed soft soil, characterized by high water content, low shear
strength, high compressibility, and pronounced rheological behavior. Furthermore, these
soils are subject to seawater erosion, salinization, and cyclic tidal loading, resulting in
highly complex engineering geological conditions. In some offshore reclamation projects,
fill construction is carried out directly on untreated soft foundations, often leading to foun-
dation failure. Consequently, accurately predicting soft soil consolidation deformation and
consolidation time, while enhancing foundation bearing capacity and effectively minimiz-
ing post-construction settlement within a short timeframe, has become an urgent technical
challenge in coastal reclamation engineering. For such projects, embankment structures
serve as a key technological component—forming the foundational element of project
implementation and directly influencing land formation and the safety of subsequent
construction activities. Achieving economical, rapid, and safe embankment construction
to support efficient hydraulic filling operations continues to face numerous “bottleneck”
technical challenges. Therefore, developing new types of cost-effective and structurally
reliable embankment systems is essential for advancing sustainable sea reclamation and
coastal infrastructure development in China.

Geotextile pipe bag (GPB) technology was first developed and applied in Europe and
is widely used in marine engineering structures and shoreline protection projects, such as
scour and erosion control, coastal defense systems, and underwater constructions [3,4]. In
environmentally sensitive areas—such as wetland restoration, tidal flat management, and
shoreline protection—construction techniques are subject to stringent ecological impact
requirements abroad, with emphasis on minimizing environmental disturbance during con-
struction. Due to its ease of construction and low environmental footprint, GPB technology
is well suited to meet the demands of such projects. The GPB structure [5–7] is an embank-
ment system formed by sewing geotextile materials [8,9] into bag-shaped containers, filling
them with slurry or mortar via high-pressure pumps, and stacking the dewatered units in
successive layers. In practice, most GPB structures are constructed on soft soil foundations.
Although these structures exhibit a certain capacity to accommodate foundation defor-
mation, numerous instances of instability and failure have been reported in engineering
practice [10,11], indicating that systematic and in-depth understanding of their working
behavior and the interaction mechanism with soft soil foundations remains insufficient.

Due to the deep soft soil layers and low bearing capacity in coastal areas, ground
improvement of soft soil foundations is a prerequisite for constructing superstructures. The
investigation of the mechanical properties and constitutive models of soft soils constitutes
one of the core topics in geotechnical engineering. Soft soils are characterized by high
water content, high void ratio, low permeability, and low strength, exhibiting significant
nonlinearity, elastoplasticity, rheological behavior, and anisotropy [12–14]. Under loading,
soft soils are prone to large deformations and long-term settlements, with their strength
evolving progressively during consolidation, leading to complex mechanical responses
that are strongly time-dependent [15–17]. To address these characteristics, researchers have
developed various constitutive models to more accurately capture the stress–strain behavior
of soft soils. Early models such as the linear elastic model [18,19] and the Mohr–Coulomb
model [20,21] have been widely used in engineering practice due to their simplicity and
computational efficiency, yet they fail to adequately represent plastic deformation and
dilatancy in soft soils. The Cam-Clay model [22,23], developed subsequently, incorporated
critical state theory and successfully described the compressive hardening and contractive
shear behavior of soft soils, establishing itself as a classical elastoplastic constitutive model.
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Continuous refinement of these models has not only enhanced the understanding of soft
soil mechanics but also provided a robust theoretical foundation for soft soil foundation
reinforcement, subgrade engineering design, and settlement prediction.

In recent years, scholars such as Zhou et al. [24], Zeng et al. [25], Lan et al. [26] and
Singh et al. [27] have conducted systematic research on soft soil foundation treatment tech-
niques and comprehensively summarized the advantages and disadvantages of various
methods. These research outcomes have played a significant role in geotechnical engineer-
ing and provided robust theoretical support for engineering practices involving soft soil
foundations. Overall, a wide range of treatment methods are currently available, primarily
including dynamic compaction [28,29], drainage consolidation [30,31], and chemical so-
lidification [32]. In practice, the selection of a single method or a combination of multiple
methods is typically based on the physical and mechanical properties of the foundation.
A comparative analysis of these technologies indicates that the drainage consolidation
method has become the preferred approach for soft soil foundation treatment due to its
cost-effectiveness and relatively short construction duration.

As shown above, there is currently a lack of systematic research on the structural
behavior of geotextile pipe bags (GPBs) in soft soil foundations in coastal areas. To address
this gap, this study innovatively employs an integrated approach combining field monitor-
ing, physical experiments, and numerical simulation to investigate the overall deformation
and stability of GPB structures in coastal and nearshore engineering applications. First, a
comprehensive analysis was conducted on the physical and mechanical properties of both
soft soils and geotextiles in coastal environments. These findings were then integrated with
field monitoring data and numerical simulations to systematically examine the operational
characteristics of GPB structures on soft soil foundations. The study aims to provide a
robust theoretical foundation and technical support for evaluating the stability of soft soil
foundation treatment techniques and GPB structural systems.

2. Mechanical Properties of Soft Soil and Geotextiles

2.1. Project Overview

The authors express their gratitude for your insightful suggestions. Based on the
construction of a GPB structure on soft soil in the coastal area of Ningde, China, this
study examines the engineering characteristics of soft soil, with particular emphasis on
the deformation behavior of the soft soil foundation. To this end, a series of experimental
investigations were conducted to determine the physical and mechanical properties and
key calculation parameters of the soft soil. Specifically, compressive consolidation tests,
interface friction tests, direct shear tests, triaxial shear tests, and on-site in situ strength
tests were performed on foundation soft soil samples to evaluate critical geotechnical
indices, including the compression index, rebound index, shear strength, and stress–strain
characteristics. The Ningde Coastal Industrial Zone land reclamation project is situated
on the northern side of Niuyu Island. The project is primarily divided into two zones: the
startup base and the mining construction materials area. The startup base covers a sea area
of 495,200 m2 and a reclaimed land area of 440,400 m2, with a maximum east–west extent
of approximately 1150 m and a maximum north–south width of about 810 m. The mining
construction materials area utilizes a sea area of 462,700 m2, forming a reclaimed land area
of approximately 406,500 m2, with a maximum east–west length of around 650 m and a
maximum north–south width of about 900 m. The total revetment length is 1239 m. The
layout of the Ningde Land Reclamation Project is illustrated in Figure 1.
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Figure 1. Layout plan of Ningde reclamation project.

To study the deformation and stability characteristics of the upper cofferdam—GPB
structure, a monitoring and analysis of the entire construction process of the GPB loading
was carried out to provide guidance for on-site construction. This project has a large site
area and inconvenient transportation. The monitoring instruments and equipment as
well as materials could only be transported to the installation points by manual multiple
times. The drilling pile machine was first disassembled, then transported to the installation
location by manual, and then reassembled. During high tide, the pile was moved to the
designated location according to the design for the settlement plate installation, so as
to obtain the initial values in time and ensure the normal operation of the instruments.
When the monitoring values exceeded the warning value, an early warning was promptly
reported. Regardless of day or night, frequent observations were made and patrols were
strengthened to ensure the safety and stability of the GPB structure.

Taking into account the on-site terrain and soil conditions, a total of 13 settlement
points (displacement meters), 3 full-section settlement observation points (3 layers of
settlement tubes for each section), and 6 pore pressure observation points (each point
buried 6 pore pressure meters) were arranged. The layout of the section instruments is
shown in Figure 2.

Figure 2. On-site monitoring instrument layout diagram.

2.2. Test Preparation

It is widely accepted that the modified Cam-Clay model is suitable for characterizing
the mechanical behavior of soft soils. The model comprises three material parameters
and one state parameter: the critical state effective stress ratio M, the compression index
λ, the swelling index κ, and the initial void ratio e0. Among these, M can be determined
from consolidated undrained triaxial tests, while λ and κ are typically derived from one-
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dimensional consolidation-rebound tests. The main physical property indices of the soft
soil are summarized in Table 1.

Table 1. The basic mechanical parameters of soft soil.

Soft Soil
Moisture Content

w (%)
Unit Weight
γ (kN·m−3)

Void Ratio
e

Liquid Limit
WL (%)

Plastic Limit
Wp (%)

Silt 49.3 17.4 0.941 41.9 23.6
Silty clay 41.9 18.3 0.787 40.0 22.7

For the standard consolidation-rebound test, the standard specimen, together with
the cutting ring, is placed into the consolidometer and subjected to loading and unloading.
Loading is applied incrementally in the sequence of 12.5, 25, 50, 100, 200, 400, and 800 kPa.
After reaching 800 kPa, unloading is performed in the order of 400 and 200 kPa back to the
first load level. The water reservoir should be immediately filled upon application of the
first pressure level. The stability criterion at each load stage is defined as a deformation rate
not exceeding 0.01 mm per hour. Subsequently, three additional tests were conducted with
loading sequences of 20, 40, 80, 150, 200, 320, and 640 kPa, with each load level maintained
for 48 h of consolidation.

For the consolidated undrained (CU) triaxial test, two types of soft soil collected from
the field were prepared into cylindrical specimens with a diameter of 39.1 mm and a height
of 80 mm. Confining pressures were set at 50, 100, 150, 200, and 250 kPa, respectively.
The tests were conducted using an automatic triaxial apparatus, with the shear strain
rate controlled at 0.02 mm/min. Each test series was repeated three times to ensure
data reliability.

In the direct shear friction test, the GPB remains relatively stationary while the sand
body undergoes displacement. The GPB experiences passive resistance, resulting in single-
sided friction between the bag and the sand. Shear stress develops along the interface
where relative sliding occurs. In contrast, during the pull-out friction test, the geogrid is
actively pulled out under an applied tensile force, leading to double-sided friction between
the geotextile bag and the surrounding soil. Shear stress is distributed across both the
upper and lower surfaces of the bag, and the normal stress is determined based on the
vertical load applied in the test. Considering the actual stress mechanism, this study adopts
the direct shear friction test method to investigate the interface friction behavior between
geotextile bags and sand.

2.3. Mechanical Properties of Soft Soil

Through the one-dimensional consolidation-rebound test, the e-lnp curves of the
two soil layers under different vertical loads were obtained. As shown in Figure 3, the
compression curve of soft soil exhibits distinct nonlinear characteristics, and the apparent
compressibility of silt is higher than that of silty clay. Based on the slopes of the compression
and rebound curves from the one-dimensional consolidation-rebound test data plotted in
the e-lnp plane, the compression indices λ and rebound indices κ for silt and silty clay were
determined as λ1 = 0.0646, κ1 = 0.0117, λ2 = 0.0775, and κ2 = 0.0105, respectively.
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(a) (b) 

Figure 3. Compressive rebound curves of soft soil. (a) silt. (b) silty clay.

Three groups of specimens were subjected to consolidated undrained (CU) triaxial
tests under confining pressures of 50, 100, 150, 200, and 250 kPa, respectively. The measured
relationship between axial strain and deviatoric stress is presented in Figure 4. Results
indicate that both silty soil and silty clay exhibit strain-hardening behavior. For silty soil,
the deviatoric stress increases continuously with increasing axial strain. For silty clay, the
deviatoric stress rises significantly when axial strain is below 3%; however, beyond 3% axial
strain, the rate of increase gradually diminishes. In this study, the deviatoric stress at 15%
axial strain is adopted as the failure strength, denoted as q. The parameter M represents
the ratio of deviatoric stress q to mean effective stress p along the critical state line, i.e.,
M = q/p. Linear regression of the p and q data points under different confining pressures
was performed in the p-q plane (Figure 5), yielding critical state stress ratios of M1 = 0.962
for silty clay and M2 = 0.499 for silt.

  
(a) (b) 

Figure 4. Soft soil undrained consolidation stress–strain curve. (a) Silt. (b) Silty clay.

Figure 5. Linear fitting of effective stress ratio M in critical state.

Figure 6 presents the variation of the shear strength parameters of soft soil with initial
consolidation degree under different consolidation pressures. The cohesion exhibits a
relatively large fluctuation range; when the consolidation degree reaches 100%, its max-
imum value is approximately three times the minimum value. In contrast, although the
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friction angle ϕ varies less than cohesion c, its maximum value still approaches twice
the minimum value at 100% consolidation degree. Overall, both c and ϕ increase with
increasing confining pressure and consolidation degree. This trend is primarily attributed
to the progressive densification of soil during the drainage consolidation process, wherein
interparticle distances decrease and pore volume diminishes, leading to enhanced overall
shear strength of the soil mass.

  
(a) (b) 

Figure 6. The evolution law of strength parameters of soft soil with the degree of consolidation.
(a) c. (b) ϕ.

Figure 7 presents the relationship between pore water pressure and axial strain for
silt and silty clay under different consolidation pressures. It can be observed that at small
axial strains, the pore pressure increases rapidly; as the strain further increases, the rate of
increase gradually slows down and eventually reaches a stable value. Meanwhile, pore
pressure rises significantly with increasing consolidation pressure. However, with higher
consolidation pressure, the ratio of maximum pore pressure to total stress decreases from
36.9% to 27.5% for silt and from 45.5% to 17.8% for silty clay. Both ratios exhibit a decreasing
trend with increasing consolidation pressure, indicating that under a consolidation pressure
of 250 kPa, the second layer of silty clay possesses a greater capacity to resist deviatoric
stress compared to the first layer of silt. This difference in excess pore pressure development
may be a primary factor contributing to its ability to sustain higher deviatoric stresses.

  
(a) (b) 

Figure 7. Pore pressure in soft soil. (a) Silt. (b) Silty clay.

2.4. The Mechanical Properties of Geotextiles

Through interface friction tests on GPBs, the relationship between shear stress and
shear displacement was obtained. Figure 8a presents the test results for the bag–sand
interface. It can be observed that as shear displacement increases, the tangential stress at
the interface gradually rises. The rate of increase is relatively high during the initial stage,
indicating rapid development of interfacial friction. After reaching peak stress, the growth
rate decreases, exhibiting pronounced nonlinear behavior that can be well described by a
hyperbolic function. Under higher vertical stress conditions, a slight softening phenomenon
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occurs, primarily during the later stages of shearing. Figure 8b shows the results for the bag–
bag interface, where the stress–displacement curve also displays significant nonlinearity.
With increasing vertical stress, the peak shear stress increases, while the corresponding peak
shear displacement remains largely unchanged. Moreover, the degree of stress softening is
notably greater than that observed in the bag–sand group.

 
(a) (b) 

Figure 8. The relationship curve between the shear stress and shear displacement of the geotextile
bag. (a) Bag–soil. (b) Bag–bag.

Figure 9 illustrates the relationship between the shear strength of geotextile bags and
vertical pressure. The results show that the peak shear strength τ of the bag–sand interface
exhibits a strong linear correlation with normal stress σn, consistent with the Mohr–Coulomb
strength criterion: τ = cgs + σn tanϕgs. The fitted interface cohesion cgs is 6.90 kPa, and the
friction angle ϕgs is 27.3◦. For the bag–bag interface, the shear strength also follows this
linear model, but with no cohesive component, and a friction angle ϕgs of 21.6◦.

  
(a) (b) 

Figure 9. The relationship curve between the shear strength of geotextile bags and vertical pressure.
(a) c. (b) ϕ.

3. Finite Element Modeling of Geotextile Pipe-Bag Structures

3.1. Constitutive Models

The Mohr–Coulomb model is widely used in finite element analysis. In an ideal
elastoplastic material, only elastic deformation occurs before the stress reaches the yield
point. Once yielding begins, irreversible plastic deformation takes place and continues
until material failure. The yield surface morphology is shown in Figure 10.

The yield surface function of the Mohr–Coulomb model is defined by Equation (1):

f =
1
2
(σ1 − σ3)− 1

2
(σ1 + σ3) sin ϕ − c cos ϕ (1)

where c is the cohesion of the material, while ϕ denotes the inclination angle of the Mohr–
Coulomb yield surface, which corresponds to the internal friction angle.

209



Water 2025, 17, 3063

(a) (b) 

Figure 10. Mohr–Coulomb model. (a) Principal stress space. (b) π plane.

The Cam-clay model is an elastoplastic constitutive model developed by Roscoe and
colleagues at the University of Cambridge, UK. Based on experimental observations, it
employs an elliptical yield surface and an associated flow rule (Figure 11). The model
features a simple set of parameters that are relatively easy to determine, contributing to its
widespread application in geotechnical engineering both domestically and internationally.
It is particularly applicable to normally consolidated soils and lightly overconsolidated
clays. The mathematical expression of its yield surface is:

f =
λ − κ

1 + e0
ln

p
p0

+
λ − κ

1 + e0

1
M

q
p
− ε

p
v = 0 (2)

Figure 11. Cam-clay model and modified Cam-clay model.

Subsequently, modifications were introduced to the yield surface, leading to the
development of the modified Cam-clay:

f =
λ − κ

1 + e0
ln

p
p0

+
λ − κ

1 + e0
ln
(

1 +
q2

M2 p2

)
− ε

p
v = 0 (3)

where M denotes the critical state stress ratio, and e0 represents the initial void ratio, defined
as the void ratio of soft soil corresponding to an initial mean effective stress p0 = 0. λ is the
slope of the normal compression line (NCL), while κ is the slope of the unloading-reloading
line and serves as the hardening parameter, representing the plastic volumetric strain.
The simulation results presented in Figure 12 demonstrate that the modified Cam-Clay
model more accurately captures the mechanical behavior of soft soil than the original
Cam-Clay model.

210



Water 2025, 17, 3063

  
(a) (b) 

Figure 12. Comparison of simulation results between the Cam-Clay model and the modified Cam-
Clay model for the CU triaxial test. (a) Silt. (b) Silty clay.

3.2. Parameters of Constitutive Models

The Mohr–Coulomb model is widely used in finite element analysis. In an ideal
elastoplastic material, only elastic deformation occurs before the stress reaches the yield
point. Once yielding begins, irreversible plastic deformation takes place and continues
until material failure. The modified Cam-Clay model was adopted to simulate the soft
soil foundation, while the Mohr–Coulomb model was used for the fill sand material. The
parameters for the fill sand are listed in Table 2, and those for the soft soil are provided in
Table 3. Geotextile bags were modeled as membrane elements. The interactions between
geotextile bags, as well as between geotextile bags and the soft soil foundation, were
simulated using surface-to-surface contact pairs. Based on interface friction tests, the
cohesion c at the bag–sand interface is 6.89 kPa, with a friction coefficient μ of 0.51; the
friction coefficient μ at the bag–bag interface is 0.39; and the friction coefficient μ at the
bag–soft soil foundation interface is 0.27.

Table 2. Physical and mechanical index.

γ/(kN/m) c/(kPa) ϕ/(◦) E/(MPa) υ Permeability Coefficient k/(m/s)

Silt 19 0 32 30 0.3 6.0 × 10−5

Silty clay 18 500 0.3 2.0 × 10−4

Table 3. Parameters of soil layers.

Soil υ λ κ M e0 Permeability Coefficient k/(m/s)

dredger fill 0.43 0.0593 0.0214 0.543 1.125 2.6 × 10−5

Silt 0.41 0.0646 0.0117 0.962 0.941 1.9 × 10−9

Silty clay 0.33 0.0775 0.0105 0.499 0.787 5.0 × 10−8

3.3. FEM Model

This study employs ABAQUS 6.14 software to establish a three-dimensional finite
element model consisting of 258,603 nodes and 235,969 elements. GPBs are modeled
as reinforcement within the sandy embankment fill. Although numerous studies have
investigated the soil-reinforcement interface interaction, the multiplicity of influencing
factors has prevented the establishment of a universally accepted simulation approach.
Given that geotextile bags can resist tensile forces but not compressive ones, the membrane
element (M3D4R) available in ABAQUS is used to simulate their reinforcing behavior.
Interactions between bags and between the bags and the underlying soft soil foundation
are all modeled using surface-to-surface contact formulations. The overall soil domain
is discretized using C3D8P pore-pressure solid elements, while the geotextile bags are
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represented by M3D4R membrane elements. The foundation comprises 28 m of soft soil
overlying 12 m of bedrock. Plastic drainage boards are incorporated into the soft soil layer
with a penetration depth of 28 m. At the base of the cofferdam, a 1 m thick medium-coarse
sand cushion is implemented, constructed in two 0.5 m layers. A total of 13 layers of
geotextile bags are simulated, each with a thickness of 0.5 m. The interface between the
foundation and the lowest GPB is defined as a zero pore-pressure boundary. To minimize
boundary effects on displacement in the reinforced zone, lateral boundaries of the model
were extended sufficiently during computation. Three-directional displacement constraints
are applied at the base of the bedrock, and a staged loading procedure is adopted to
simulate the sequential filling process at the construction site. The detailed configuration
of the numerical model is presented in Figure 13.

Figure 13. Finite element model of geotechnical bag structure on soft soil foundation.

4. Working Behavior of Geotextile Pipe-Bag Structures

4.1. Displacement Deformation Characteristics

Figure 14 presents the settlement distribution contour map of the geotextile pipe-bag
structure. It can be observed that during the filling stage, deformation of the cofferdam and
foundation is dominated by vertical settlement, with a maximum value of approximately
0.13 m. Slight uplift occurs at the toe of the cofferdam slope, while a “U”-shaped settlement
profile develops at the structural center. Concurrently, the settlement at the slope toe
exhibits an outward-diffusing pattern. After the installation of the geotextile tube bags
(GPBs), a 30-day construction break is implemented, during which the structure undergoes
static drainage consolidation. Under the influence of the plastic drainage boards, the extent
of the high-settlement zone slightly decreases, with the maximum settlement occurring
near the central axis of the cofferdam. The bottom of the GPB structure was selected as the
monitoring location. Upon completion of filling and commencement of construction of the
mortared stone retaining wall and surface and base protection structures, the settlement
increased to approximately 1.26 m. Following the completion of land reclamation via sand
filling, the settlement further increased to 1.71 m. After construction ended, the structure
was continuously monitored for one year. Calculations indicate that the post-construction
settlement after one year reached 2.43 m. The computed settlement values show good
agreement with the field monitoring data.
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Figure 14. The settlement of the geotextile bag structure during the construction period.

Figure 15 presents the horizontal displacement contour map of the GPB structure. It
can be observed that when the filling elevation reaches 0.5 m, the maximum horizontal
displacement is approximately 0.027 m, with a nearly symmetrical distribution on both
sides, indicating a relatively stable structural behavior. During the construction interval,
the drainage plates gradually exert their drainage and consolidation function, leading to a
slight reduction in horizontal displacement; however, this reduction is considerably smaller
than that observed in vertical displacement. During the reclamation process, horizontal
displacement begins to increase at a relatively rapid rate. This phenomenon is primarily
attributed to the low permeability of the foundation silt, short construction intervals, and
the ongoing consolidation of the foundation, which collectively induce a pronounced
sudden increase in deformation during continued filling of the enclosure structure. Upon
completion of all land reclamation by sand filling, the horizontal displacement reaches
0.337 m. One year after the completion of reclamation, the horizontal displacement slowly
increases to 0.433 m, with the computed results showing good agreement with the field
measurement data.

 

Figure 15. The horizontal displacement of the geotextile bag structure during the construction period.

Figure 16 presents the consolidation settlement curves at the left side, center point,
and right side of the GPB structure base. As depicted in Figure 16, the settlement curve at
the left-side measurement point of the soft soil foundation exhibits an upward trend for a
period after 180 days. This phenomenon is attributed to lateral earth pressure inducing
compression that causes uplift of the settlement plate. At the same time points, the settle-
ment values at all measurement points are reduced compared to earlier stages, whereas
the final settlement at the center point of the enclosure structure base remains essentially
unchanged relative to the original value. These observations indicate that the installation
of plastic drainage boards can effectively accelerate the drainage rate of the foundation,
facilitate earlier completion of drainage consolidation in soft soil foundations, and thereby
significantly shorten the construction duration of the upper GPB structure.
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(a) (b) (c) 

Figure 16. The settlement curve of the foundation consolidation for the geotextile bag structure.
(a) Left. (b) Middle. (c) Right.

4.2. Stress Characteristics

Figure 17 presents the first principal stress cloud diagram of the GPB structure. It
can be observed that during the filling stage, the overall structure is predominantly under
compressive stress, with stress at the slope toe increasing gradually. By the 150th day
of construction, the main structural filling is essentially complete, and the compressive
stress distribution exhibits an upward trend. This phenomenon may be attributed to
localized stress disturbance induced by drainage from the installed drainage boards. Upon
completion of reclamation, the overall compressive stress in the structure decreases, while
significant tensile stress concentration develops at the slope toe, with maximum tensile
and compressive stresses reaching 0.59 MPa and 3.23 MPa, respectively. One year after
construction completion, as excess pore water pressure dissipates, the magnitude of tensile
stress gradually diminishes.

 

Figure 17. The tensile stress of the geotextile bag structure during the construction period.

Figure 18 presents the third principal stress cloud diagram of the GPB structure.
Overall, during the filling process, the third principal stress is predominantly compressive.
When structural filling is completed, stress concentration at the slope toe becomes clearly
evident. The dissipation of excess pore water pressure leads to a reduction in the magnitude
of the third principal stress within the structure. Throughout the backfilling process,
the internal stress in the geotextile tube bag (GPB) remains entirely compressive. As
backfilling progresses, the entire structure experiences an increasingly pronounced state of
compression. After one year of pore pressure dissipation, the maximum compressive stress
decreases by approximately 17%.
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Figure 18. The compressive stress of the geotextile bag structure during the construction period.

Based on the previous force analysis of the GPB structure, it is evident that the bottom
layer experiences the most significant stress. Therefore, the geotextile bag at the bottom layer
is selected for further stress analysis. Figure 19 illustrates the evolution of stress distribution
in the bottom geotextile pipe bag. During construction, a distinct tensile stress concentration
develops at the bottom of the pipe bag. As construction progresses, both the overall tensile
stress and the peak compressive stress increase progressively. One year after construction
completion, the maximum tensile stress increases slightly, while the peak compressive stress
decreases moderately; however, neither exceeds the allowable stress range.

 
(a) (b) 

Figure 19. Evolutionary law of stress distribution of the bottom geotextile bag. (a) Tensile stress.
(b) Compress stress.

Figure 20 presents the pore water pressure cloud map of the GPB structure. At
30 days into construction, the pore water pressure exhibited an upward trend. On the
foundation surface near the structure, the presence of drainage boards led to a significant
reduction in pore water pressure. The monitoring point was located 2 m below the base
slab of the GPB structure. It can be observed that prior to completion of filling, the
dissipation rate of pore pressure was considerably lower than its generation rate. During
the hydraulic filling process, pore pressure began to show signs of dissipation. One year
after construction completion, pore pressure dissipation became evident, and the pressure
at the monitoring point turned negative, indicating that the drainage boards effectively
promote the dissipation of pore pressure.
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Figure 20. The pore pressure of the geotextile bag structure during the construction period.

5. Conclusions

This study innovatively integrates multiple research methodologies—namely, on-site
monitoring, physical experiments, and numerical analysis—to systematically investigate
the working behavior of geotextile pipe bag (GPB) structures on soft soil foundations
in coastal areas. The mechanical properties of soft soil foundations were systematically
evaluated through laboratory-based physical experiments. Subsequently, by integrating
field monitoring data with numerical simulations, a comprehensive analysis was conducted
on the operational characteristics of GPB structures under coastal soft soil conditions. The
main research findings are summarized as follows:

(1) The compression curve of soft soil exhibits significant nonlinear characteristics, with
the apparent compressibility of silt being higher than that of silty clay. The compres-
sion and rebound coefficients of soft soil were determined from experimental data.
As consolidation pressure increases, the deviatoric stress of soft soil rises significantly,
demonstrating typical strain-hardening behavior. Based on these results, the effective
stress ratio M for both types of soft soil was derived. A quantitative relationship
between shear strength parameters c and ϕ and the degree of consolidation was
established, and the evolution pattern of pore pressure was summarized. Interface
characteristic tests were conducted to obtain the c and ϕ at the interfaces between
bags and sand, as well as between adjacent bags.

(2) A three-dimensional refined numerical model of the GPB structure was developed.
Simulation results indicate that foundation settlement progressively increases with
construction advancement. During construction breaks, the drainage boards facilitate
drainage, effectively reducing the settlement rate. Horizontal displacement is highly
influenced by the hydraulic filling process; when the upper fill is asymmetrically
placed, uneven horizontal displacements occur across the foundation.

(3) As hydraulic filling proceeds, the overall structure gradually transitions into a more
pronounced tensile state, with stress concentration at the slope toe becoming increas-
ingly evident. One year after completion of filling, tensile stress slightly decreases.
The GPB structure remains under tension throughout, with the maximum tensile
stress occurring in the central region. However, all peak tensile stresses remain be-
low the material’s allowable stress limit. Drainage boards effectively accelerate pore
pressure dissipation, which is nearly complete within one year after construction
ends.

The findings of this study provide a scientific basis and practical engineering reference
for analyzing the mechanical behavior of soft soil foundations in coastal regions and
evaluating the overall stability of overlying GPB structures.
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Abstract

Sandy beach resilience faces growing threats from extreme events and intensified human
activity. Deep Learning (DL) has emerged as a powerful tool in coastal research, offer-
ing strengths in spatial feature extraction, nonlinear sequence modeling, acceleration of
physical processes, and integration of multi-source data. This review frames resilience
in three technical dimensions—resistance, recovery, and adaptation—and examines DL
applications across three domains: first, monitoring and forecasting external forcing, in-
cluding typhoon tracks and storm surge peak values; second, modeling and simulating
beach processes, from rapid hydrodynamic forecasting to medium- and long-term shoreline
evolution, and high-resolution sediment transport forecasting; and third, management
and decision support, where DL methods and multi-scenario generation expand gover-
nance options, and interpretable features with uncertainty quantification enhance risk
communication and policy adoption. DL complements traditional models by shortening
the “observation–model–decision” cycle, expanding scenario analysis, and improving
governance transparency. Challenges remain in cross-domain generalization, robustness in
extreme scenarios, and data governance. This review confirms DL’s potential as a technol-
ogy stack for enhancing sandy beach resilience and provides a methodological foundation
for future research.

Keywords: sandy beach; resilience; deep learning; physics-guided/physics-informed;
external forcing forecasting; process simulation; decision support

1. Introduction

Sandy beaches represent one of the most widespread zones of human–ocean inter-
action worldwide. They fulfill multiple ecological, tourism, and economic functions [1].
The dense population in coastal zones also necessitates that these areas maintain a certain
degree of resilience to hazards such as extreme events and storms [2,3]. The nearshore geo-
morphology and sediment transport of sandy beaches are highly complex and extremely
sensitive to variations in external forcing conditions [4]. In recent years, under global
warming, the impacts of sea-level rise on coastal zones have become a major concern [5].
Moreover, researchers have found that rising sea levels have increased the frequency of
extreme sea-level events [6] and coastal flooding [7]. Extensive observational data indicate
that global wind speeds and wave heights have been rising over recent decades, with
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particularly pronounced increases in extreme values [8]. The effects of human activities on
sandy beaches (e.g., hard engineering structures, beach nourishment, and land reclamation)
should also not be underestimated [9,10]. Collectively, these factors have intensified beach
erosion caused by extreme events (natural) and heightened ecological risks associated
with long-term environmental changes (human-induced). Therefore, research on the re-
silience of sandy beaches has become increasingly urgent [11]. Such research requires an
integrated assessment framework that accounts for both process mechanisms and risk
management [12].

In recent years, numerous high-frequency and high-resolution data acquisition meth-
ods have developed rapidly, including coastal High-Frequency Radars (HFRs) [13,14],
Argus video monitoring systems [15], and Unmanned Aerial Vehicles (UAVs) [16]. The
establishment of multi-source data systems has greatly enhanced the spatiotemporal char-
acterization of nearshore hydrodynamic and topographic processes. It can provide a solid
foundation for research on the resilience of sandy beaches, including the identification of
shoreline and cross-shore evolution, the impacts of storm events, and subsequent recov-
ery processes. However, process-based numerical models such as Delft3D (v6.02.10) [17]
and XBeach (v1.22.4867) [18] face several challenges in high-resolution, long-term, and
multi-scenario simulations, including high computational costs, sensitivity to boundary
conditions, and difficulties in simulating turbulence [4]. In studies of wave-dominated
beaches, researchers have further considered the dynamic variability of wave time series
and morphological instability to gain deeper insights into beach morphodynamics [19].
Nevertheless, even within the wave-dominated background, the effects of extreme events
and the general applicability of these models remain unresolved. These limitations are
particularly evident in tasks involving multi-scale coupling among wind, waves, cur-
rents, sediments, and topography. Consequently, it remains difficult to accurately quantify
how sandy beaches respond to extreme forcing, thereby constraining the assessment of
their resilience.

Artificial intelligence (AI), particularly deep learning (DL), has emerged as a new
paradigm owing to its strengths in modeling large-sample, nonlinear, and multi-source
data [20]. To address the issue of interpretability in DL, researchers have begun embed-
ding physical priors and conservation laws into the learning process. The concept of
theory-guided data science seeks to leverage established scientific knowledge to enhance
the capability of data-driven models in advancing scientific discovery [21]. Similarly,
physics-informed deep learning integrates physical principles derived from first-order
laws into data-driven frameworks, thereby combining the advantages of both physics-
based and data-driven approaches [22]. Moreover, the development of hybrid modeling
strategies and the introduction of physics-consistent loss functions have further improved
the ability of models to unify physical mechanisms with data representations [23]. Cur-
rently, research on sandy beach resilience primarily focuses on two aspects: the dynamic
evolution of sandy beach topography and geomorphology under external forcing and
the associated resilience-related mechanisms [18,19]; and the adaptability of sandy beach
environments to engineering measures, together with the governing patterns of their feed-
back responses [9,12]. These studies provide an important foundation for understanding
sandy beach resilience and for the subsequent application of DL as a research method.
This paradigm is particularly well suited for studying the resilience of sandy beaches. On
the one hand, it enables effective forecasting of environmental changes under extreme
events. On the other hand, it accelerates the simulation of high-frequency coastline and
profile dynamics across multiple scenarios. Consequently, it provides a novel quantitative
tool for assessing the resilience of sandy beaches in terms of disturbance, response, and
recovery processes.
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Taking the resilience of sandy beaches as the core theme, this review divides re-
silience into three technical dimensions: resistance, recovery, and adaptation (Figure 1).
The resistance dimension (e.g., short-term forecasting, setting early warning thresholds)
addresses system responses to extreme events. Following such events, the recovery di-
mension (e.g., assessing profile recovery time) evaluates the system’s capacity to restore
its pre-disturbance state. Over longer timescales, the adaptation dimension (e.g., scheme
optimization, digital twins) aims to enhance the system’s robustness and sustainability.

Accordingly, rather than directly providing quantitative resilience values, this review
establishes a comprehensive framework and analytical process based on three dimensions:
resistance, recovery, and adaptation. Different from other reviews that broadly explore the
application of AI in coastal sciences, this review focuses exclusively and specifically on
DL, which currently exhibits the greatest potential for further development. By positioning
DL as a supporting technology for resilience governance and systematically reviewing
the progress, advantages, and limitations of DL, this review will explore its potential as
an enabling technology for enhancing resilience across the three dimensions of resistance,
recovery, and adaptation. Section 2 introduces DL methods across various capabilities.
Section 3 reviews their application in meteorological disasters and external forcing fore-
casting. Section 4 reviews applications in coastal morphology and sediment dynamics.
Section 5 reviews DL-based approaches for sandy beach management and decision-making.

Figure 1. Conceptual framework and technical process of sandy beach resilience.

2. Methods: Deep Learning

DL is a major subfield of machine learning (ML), centered on constructing multi-layer
neural networks that emulate the way the human brain processes and learns from data. DL
has achieved remarkable success across various fields, enabling machines to match or even
surpass human performance in many tasks. In terms of sandy beach resilience research,
DL applications primarily focus on capturing spatial features and modeling nonlinear
relationships within time series data.

2.1. Literature Search and Data Sources

This review conducted a literature search and statistical analysis to explore the po-
tential of integrating DL into research on sandy beach resilience. Peer-reviewed articles,
review papers, and relevant reports published between 2010 and 2024 were collected from
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the Web of Science Core Collection database. Two main categories of keywords were used:
sandy beaches and DL. Figure 2 presents the publication trends of these two categories over
the past 15 years. As shown in Figure 2a, sustained attention has been given to the coastline
evolution of sandy beaches, while studies and topics related to beach resilience have grad-
ually increased year by year. Meanwhile, researchers have maintained strong interest in
the practical implementation of sandy beach management and decision-making. Figure 2b
indicates that over the past five years, scholars have shown growing enthusiasm for ap-
plying DL across various fields. The use of DL in spatial characterization and time-series
analysis has become increasingly extensive. At the same time, researchers have recognized
the non-interpretability of DL as a “black box”. In the past three years, researchers have
increasingly focused on integrating physical knowledge into DL frameworks. Table 1 sum-
marizes the widely used DL methods, outlining their respective advantages, disadvantages,
and application scenarios. These methods all show considerable potential for application
in sandy beach resilience research.

 

Figure 2. The comparison of the literature sources in terms of (a) ‘Sandy beach’ and (b) ‘Deep
learning’.

2.2. Spatial Characterization

The emergence of convolutional neural networks (CNN) has enabled DL to achieve
remarkable progress in capturing spatial characterization, leading to their widespread
application in computer vision [24]. By introducing a max-fusion strategy, methods based
on fully convolutional networks (FCN, [25]) have achieved state-of-the-art performance
in the semantic segmentation of very high-resolution remote sensing images [26]. SegNet
employs nonlinear upsampling operations to avoid the need for learnable upsampling
layers, thereby effectively extracting features from lower-resolution input feature maps [27].
To systematically aggregate multi-scale information without reducing spatial resolution,
researchers have adopted dilated convolutions, which significantly improve the accuracy
of dense prediction tasks [28]. The residual architecture of ResNet further facilitates model
optimization, allowing networks to learn deeper hierarchical features and achieve higher
accuracy [29]. Although these networks demonstrate translation invariance, they still face
limitations such as insufficient boundary feature extraction, limited generalization ability,
and reduced performance in complex scenes.

The Vision Transformer (ViT) introduces self-attention mechanisms into visual repre-
sentation learning, directly modeling long-range dependencies and global relationships.
Through pre-training and transfer learning, pure Transformer architectures applied to
sequences of image patches have achieved outstanding performance in image classification
tasks, while requiring fewer computational resources during training [30]. The Swin Trans-
former constructs a hierarchical Transformer architecture that derives feature representa-
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tions through shifted-window computations. This hierarchical design and shifted-window
mechanism enable flexible multi-scale information modeling, with computational complex-
ity that scales linearly with image size [31]. SegFormer integrates a Transformer backbone
with a lightweight multilayer perceptron (MLP) decoder, allowing it to output multi-scale
features and aggregate information across different levels by combining local and global
attention, thereby achieving strong representational capability [32].

Overall, Transformers excel in large-sample, cross-scale tasks, whereas CNNs demon-
strate more stable performance in small-sample, single-task scenarios. Integrating the
two enables their complementary strengths to be fully utilized: attention mechanisms
or Transformer architectures capture global dependencies, while CNNs effectively rep-
resent local features. When supplemented with transfer learning, strong regularization,
and other techniques, this hybrid approach provides robust feature representation in
two-dimensional space.

2.3. Time Series and Cross-Scale Dependencies

Recurrent neural networks (RNN) have been widely applied in time-series modeling,
with their core strength lying in extracting temporal information and handling cross-scale
dependencies [33,34]. N-BEATS is a deep neural network architecture based on backward
and forward residual connections. It offers several notable advantages, including inter-
pretability, direct applicability across diverse target domains, and fast training speed [35].
DeepAR produces high-precision probabilistic forecasts by training an autoregressive RNN
on large collections of related time series [36]. Informer employs self-attention distillation
to highlight the most relevant attention features. It can handle extremely long input se-
quences, and significantly improve inference speed [37]. Temporal fusion Transformers
(TFT) combine recurrent layers for local processing with interpretable self-attention layers
for modeling long-term dependencies, achieving high performance across diverse scenar-
ios [38]. It is noteworthy that in time-series modeling, the objective is to capture temporal
relationships within ordered continuous data points. In some cases, simple single-layer
linear models outperform existing complex models [39].

Overall, RNNs have traditionally been the primary choice for time-series model-
ing. However, emerging Transformer-based DL methods have increasingly demonstrated
advantages in extracting temporal information. Nonetheless, these methods generally
demand larger data volumes and stronger regularization compared to traditional models
such as long short-term memory (LSTM) and gated recurrent unit (GRU). For different task
scenarios, factors such as sample size, spatial and temporal scale, and computational cost
must be fully considered when selecting an appropriate model architecture. At the same
time, combining multiple models can be continuously explored to leverage the strengths of
different approaches.

2.4. Physics-Informed/Physics-Guided DL

In natural systems, physical consistency and extrapolation stability often take prece-
dence over in-training accuracy. Physics-guided (or physics-informed) DL mitigates the
“black box” nature and data dependency issues by embedding governing equations, conser-
vation laws, and boundary conditions into the learning process [40]. Cuomo et al. argued
that most studies focus on customizing physics-informed neural networks (PINN) through
variations in activation functions, gradient optimization techniques, network architectures,
and loss function designs [41]. Brunton et al. combined sparsity-promoting techniques, ML,
and nonlinear dynamical systems to derive governing equations from noisy measurement
data [42]. Rudy et al. noted that this approach is computationally efficient and robust, and
has been validated in canonical problems across multiple scientific domains, including the
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Navier–Stokes equations, diffusion equations, and so on [43]. Bar-Sinai et al. introduced
data-driven discretization, which employs neural networks to estimate spatial derivatives
and uses end-to-end optimization to ensure adherence to governing equations on low-
resolution grids [44]. Graph network-based simulators (GNS) learn to simulate a variety
of challenging physical domains, including fluids, deformable materials, and so on [45].
Kochkov et al. applied an end-to-end DL framework to enhance approximation processes
in computational fluid dynamics for simulating two-dimensional turbulent flows [46].

In summary, DL integrated with physical knowledge can not only constrain model
training by incorporating equation residuals, structured network layers, and similar
physical constraints into the loss function, but also autonomously learn the physical
representations embedded within the data. Building on this capability, end-to-end DL
methods have been applied to enhance computational efficiency and simulate complex
operating conditions.

Table 1. Common types of DL and their application scenarios.

Type Feature Typical Advantage Limitation/Risk
Application

Scenario
Ref.

CNN

Local translation
invariance;
hierarchical
texture;
controllable
multi-scale

Strong spatial feature
recognition capability;
computationally
friendly

Weak temporal
dependence; poor
multi-scale
processing
capability;
dependence on the
quality of training
samples

Raster image
classification [26]

ViT

Global
self-attention;
non-local
interaction;
hierarchical
window

Global long-range
dependence;
cross-scale fusion

High demand for
data and
computing power;
easy overfitting
with small
samples

Large-sample data;
multi-scale
scenario
correlation

[30]

RNN

Control
information
extraction using a
gating mechanism

Strong univariate
feature extraction
capability; good at
capturing nonlinear
dynamics

Poor
interpretability;
gradient vanishing
in long sequences

Univariate
sequences; short-
to-medium-term
sequences

[33]

Transformer-
based long-time
series

Sparse/selective
attention
mechanism;
covariate
embedding and
interpretation

Global dependence;
cross-variable; high
parallel computing
efficiency

Large scale of
training samples;
relatively complex
model structure

Long sequences;
multi-scenario and
multi-source
variables

[34,37]

Physics-
guided/Physics-
informed DL

Physical
information
embedding;
physical boundary
constraints

Physical consistency;
interpretability;
robust extrapolation;
strong generalization

Difficulty in loss
convergence;
complexity in
boundary
handling; high
computational cost

Sparse
observation; tasks
requiring
conservation
constraints for
extrapolation

[46]
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3. Application of DL in Sandy Beach Hazards and
Hydrodynamic Processes

3.1. Typhoon Track/Intensity and Storm Surge Peak Value Forecasting

External hydrodynamic conditions play a critical role in the study of sandy beach re-
silience. Sandy beaches are particularly sensitive to extreme events, especially storm surges
induced by typhoons. For effective beach management, the timely provision of information
such as the arrival time and potential intensity of storm surges is essential. Figure 3 com-
pares the morphological responses and observation layouts of sandy beaches under storm
and normal conditions. During storm events, the superposition of strong winds and storm
surges generates intense waves that drive alongshore and offshore sediment transport,
causing large-scale erosion and significant shoreline retreat. In contrast, during normal
periods, wave energy diminishes, local sedimentation accretion occurs, and the beach
enters a recovery state. In terms of monitoring, a multi-scale observation network typically
comprises satellites, UAVs, real-time kinematic (RTK) systems, time-lapse cameras (TL cam-
eras), wave buoys, tide gauges, and other instruments. This network synchronously collects
data on shoreline morphology, topography, water levels, and wave dynamics, which are
essential for event assessment, model calibration, and uncertainty quantification.

Figure 3. Schematic of sandy beach morphology and observation system before and after storms.
(a) Storm period: The generated intense waves cause shoreline retreat and extensive erosion (brown),
accompanied by suspended sediment (gray) and alongshore/offshore sediment transport (red ar-
rows). (b) Normal period: Weakened waves lead to local siltation and morphological recovery
(orange). The inset at the top right compares shoreline positions before and after the storm.

Typical hydrodynamic models (e.g., ADCIRC (v56.0.2) [47], Delft3D (v6.02.10) [48],
COAWST (v3.8) [49], FVCOM (v5.0) [50]) provide relatively accurate representations of en-
vironmental changes induced by extreme events by partitioning the computational domain
into unstructured grids and appropriately characterizing physical processes, boundary
conditions, and other factors. However, these models often simplify physical processes
and incur high computational costs in high-resolution simulations. DL offers substantial
advantages in forecasting extreme events due to its strong capability to capture nonlinear
characteristics from large datasets. The application of DL in this field can be divided into
meteorological and oceanographic domains. Rüttgers et al. utilized a large volume of
satellite images as input to a generative adversarial network (GAN), achieving a six-hour
typhoon track forecasting capability [51]. Giffard-Roisin et al. fused historical track data
with reanalysis atmospheric images (three-dimensional fields of wind and pressure) to
construct a neural network model capable of 24 h tropical cyclone track forecasting [52].
Stengel et al. enhanced the network’s physical fidelity and perceptual capabilities through
adversarial training, achieving up to a 50-fold improvement in the resolution of wind
data [53]. Recently, DL-based global data-driven weather forecasting models have achieved
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significant progress, including FourCastNet [54], GraphCast [55], Pangu-Weather [56], and
Fuxi [57]. These models can rapidly generate global weather variables at a spatial resolution
of 0.25◦ for the next 10 days at least. In particular, the high-precision forecasted wind and
pressure fields provide more accurate boundary conditions for storm surge forecasting.

In terms of oceanic storm surge forecasting, most studies have employed models that
establish relationships between time series data (e.g., wind speed, air pressure, station
water levels) and extreme water level time series. Adeli et al. applied a ConvLSTM model,
capable of capturing both temporal and spatial correlations, together with a residual con-
nection network to enhance performance [58]. Their results demonstrated that, within an
examined synthetic storm database, DL approach outperformed the previously Gaussian
process model for storm surge forecasting. Ramos-Valle et al. utilized cyclone datasets
generated by the Hybrid Weather Research and Forecasting (HWRF) model and found that
RNN improved the accuracy of storm surge peak predictions to a notable extent [59]. Xie
et al. developed a DL-based single-station water level prediction model for multi-station
storm surge forecasting [60]. Their approach employed CNN to extract two-dimensional
wind field information, which was fused with local water level features to improve tem-
poral prediction efficiency. Jiang et al. proposed the Surge-NF model, incorporating a
positional encoding module and a multi-task learning module [61]. Evaluation using
the North Atlantic Coast Comprehensive Study (NACCS) database demonstrated that
Surge-NF uniquely captured high-frequency spatial variation features and effectively lever-
aged task correlations. Tedesco et al. applied residual learning to enhance the residual
component in the forecasting results of the Nordic4-SS model [62]. This method can be
implemented operationally without replacing existing physical models. Cerrone et al.
employed Transformers to improve the water level prediction capability of the National
Oceanic and Atmospheric Administration’s (NOAA) Storm and Tidal Operational Forecast
System (STOFS-2D-Global) over a seven-day forecasting cycle, with the most significant
improvements observed at tide-dominated stations [63].

3.2. Large-Scale and Nearshore Wave Generation and Acceleration

In addition to the extreme water levels induced by typhoons, the dynamic environ-
ments that directly influence sandy beaches also include waves. For subsequent simulations
of beach morphology and management, continuous, stable, and high-resolution wave data
are indispensable. Traditionally, wave simulations have primarily relied on the Simulating
Waves Nearshore model (SWAN 41.51) [64]. Data-driven DL methods, by contrast, mainly
focus on sequence-to-sequence and image-to-image forecasting.

Wang et al. proposed a hybrid model combining Improved Empirical Wavelet Trans-
form (IEWT) decomposition with a LSTM network for wave prediction [65]. Their results
demonstrated that, compared to using LSTM alone, this hybrid model more accurately
tracked variations in wave crests and troughs. Hao et al. integrated the strengths of LSTM
and Empirical Mode Decomposition (EMD) to develop the EMD-LSTM method [66]. Based
on significant wave height data from three offshore stations in China, their study indicated
that the EMD-LSTM model exhibited superior performance in predicting nonlinear and
non-stationary waves. Zhang et al. introduced the Numerical LSTM network to correct
numerical wave height predictions [67]. Results showed that it significantly improved the
accuracy of SWAN-derived wave height predictions in the Bohai Sea and around Xiaomai
Island. Choi et al. employed a CNN to process raw wave images from buoys for short-term
wave height forecasting [68]. Bai et al. developed a CNN-based two-dimensional deep
learning model for regional wave field prediction in the South China Sea [69]. Their results
indicated that the model not only accurately predicted temporal variations in wave height
but also effectively estimated spatial distributions of the two-dimensional wave field and
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demonstrated potential for long-term forecasting. Bento et al. applied CNNs to wave
data from three locations and conducted year-round testing, confirming the model’s ability
to extract relevant temporal dependencies [70]. Mlakar et al. proposed deep learning
wave emulating model (DELWAVE 1.0), comprising a convolution-based atmospheric
encoder module, a temporal compression module, and a regression module [71]. DEL-
WAVE successfully simulated nearshore wave dynamics as represented by SWAN at sparse
locations, and effectively detected storm events. Kuhn explored the application of DL-
based super-resolution techniques in coastal sea state prediction, including spectral wave
modeling, neural network-based prediction on unstructured grids, and super-resolution
reconstruction of wave spectra. This study demonstrated the potential of such approaches
to accelerate wave prediction [72].

Figure 4 illustrates the workflow from observation to results. Multi-source data
(including satellite cloud images, reanalysis variables, water levels, and wave spectra)
undergo key feature extraction via DL methods such as LSTM, Transformer, and GNN.
These methods rapidly generate core indicators and spatial distributions of typhoons, storm
surges, and waves. The resulting outputs can be directly applied to beach risk assessment,
serve as constraints for data assimilation and calibration of numerical models, and support
uncertainty quantification and rolling updates. Table 2 summarizes the applications of
DL in simulating and forecasting external dynamic processes based on typical tasks. In
summary, the data-driven DL approach provides a faster and more accurate toolchain
for external forcing forecasting and post-processing in oceanic applications. It offers
significant advantages in low latency and high-frequency updates, with direct relevance to
the management and application of sandy beaches.

 

Figure 4. Schematic framework for DL-based forecasting of external forcing on sandy beaches. The
central loop organizes tasks around the “Typhoon–Storm Surge–Wave” sequence. On the left, satellite
cloud images and reanalysis variables serve as inputs for typhoon track extraction and intensity
prediction. On the right, water level sequences and storm surge fields are used to infer peak water
levels and identify locations of maximum storm surges. At the bottom, wave spectra, wave fields,
and wave height sequences are employed to predict significant wave heights and nearshore wave
field distributions.
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Table 2. Application of DL in simulating and forecasting external dynamic processes.

Task Core Input Core Output
Representative Models

and Key Points
Ref.

Short-term; direct
typhoon track and
intensity

Satellite cloud images;
reanalysis atmospheric
images

Typhoon track;
typhoon intensity CNN; GAN [51,52]

Extracting typhoons and
storm surges indirectly
from large-scale
meteorological fields

Global-scale surface and
upper-air meteorological
fields (including wind
fields and pressure
differences)

Extracting
meteorological
elements such as wind
fields at the
boundaries

GraphCast; Swin
transformer [56,57]

Extreme water level
caused by the arrival of
a storm surge at a single
point location

Wind; air pressure;
astronomical tide;
station water level

Time series and peak
values of extreme
water levels

RNN; Attention
mechanism [59]

Spatial process and
intensity of storm surges

Single-point water level;
two-dimensional
wind fields

Storm surge processes
at multiple stations
within a region

ConvLSTM; ResNet [58,60]

Forecasting and
correction of global tidal
levels and storm surges

Results of physical
forecasting models

Generated correction
sequence Transformer [63]

Temporal forecasting or
deviation correction of
wave height

Temporal processes of
wave height from buoys;
numerical models

Temporal process of
wave height at a single
point

LSTM; EMD; IEWT [65,66]

Spatial-temporal
distribution and
forecasting of wave
fields in a region

Original wave height
images; wave height
data from multiple
stations

Distribution of
significant wave
height in a region

CNN; ConvLSTM [68,69]

DL-based proxy wave
simulation and
forecasting at sparse
locations

Atmospheric boundary;
rough/high-resolution
wind field conditions

Spatial wave field;
temporal processes at
sparse locations

DELWAVE; CNN; RNN [71]

4. Application of DL in Coastal Morphological Evolution and
Sediment Simulation

4.1. Reconstruction and Evolution of Sandy Beach Profiles and Shorelines

The forecasting and monitoring of sandy beach morphological evolution are critical for
enhancing their resilience. Traditional shoreline identification techniques based on remote
sensing and satellite imagery are already well-developed [73]. However, these methods
have limitations in addressing complex terrain, fine-scale geomorphology, and long-term
trend prediction [74]. In recent years, DL has been increasingly applied to classification,
identification, and forecasting tasks in this field. For example, CoastSat employs MLP to
integrate satellite imagery and extract time-series shoreline positions for sandy coastlines
worldwide with an accuracy of approximately 10 m, enabling efficient shoreline change
monitoring [75]. U-Net combines skip connections and multi-scale feature fusion, making
it suitable for land cover classification, extraction, and change detection from satellite
imagery [76]. DeepLabv3 integrates an encoder–decoder structure with atrous separable
convolution to flexibly control encoder feature resolution, achieving a balance between
accuracy and computational efficiency [77]. Such functions hold potential for identifying
fine geomorphic textures in sandy beaches, such as beach ridges and tidal creeks. Park and
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Song employed a U-Net semantic segmentation model based on attention mechanisms
and a water index to automatically extract the land–sea boundary. They also applied
transfer learning to address data scarcity in certain coastal areas, improving shoreline
change monitoring efficiency and accuracy [78]. Scala et al. enhanced CNN by introducing
a Sobel edge loss function and multi-class segmentation, enabling effective detection of land
cover features that may be overlooked (e.g., cliff vegetation, coastal roads). Thereby, they
significantly reduce uncertainties in shoreline delineation [79]. Feng et al. incorporated
an Edge Depth Supervision (EDS) module, a Cooperative Semantic Depth Supervision
(CSDS) module, and an Attention Fusion Module (AFM) to improve detailed shoreline
edge feature extraction [80]. Dang et al. demonstrated the applicability of U-Net models
for predicting coastal changes in Vietnam and globally [81]. Their findings suggest that
waterline identification is suitable for monitoring seasonal tidal changes or immediate
wave movement, whereas shoreline delineation is more appropriate for assessing coastal
erosion caused by sea-level rise during storms.

The management of sandy beach resilience requires the ability to predict beach re-
sponses to storms and long-term changes in regional wave climates over seasonal to
interannual time scales. Currently, most researchers in the field of profile and shoreline evo-
lution forecasting employ one-dimensional shoreline equilibrium models. These models
typically consider only wave-driven longshore sediment transport and describe shoreline
displacement based on the concept that wave energy tends toward a dynamic equilibrium
position [82,83]. DL has demonstrated advantages in capturing nonlinear relationships in
time-series models across scales and offers significant improvements in computational effi-
ciency [84]. As beach environments become increasingly complex, the application of DL to
profile and shoreline forecasting has grown. Manamperi et al. modeled shoreline changes
as a supervised learning task, employing LSTM to capture long-term dependencies and
leveraging its memory mechanism to simulate shoreline evolution under continuous wave
forcing [85]. Lee et al. developed an LSTM-based encoder–decoder network for effective
spatiotemporal representation learning, enabling estimation of beach profile responses over
weeks to months under varying hydrodynamic conditions [86]. Gomez-de la Peña et al.
examined CNN and CNN-LSTM for predicting interannual shoreline positions, finding that
DL methods outperform traditional equilibrium models in simulating observed variability
and spatial distribution [87]. Adusumilli et al. successfully predicted beach width and
seasonal average beach slope using tides and waves as inputs to a trained Deep Neural
Network (DNN) [88]. Montaño et al. compared traditional shoreline models and DL
methods for long-term shoreline evolution prediction, concluding that both approaches can
reproduce shoreline changes under normal conditions, while model ensembles outperform
single models in capturing extreme and rapid fluctuations [89].

In summary, traditional techniques, such as sub-pixel shoreline extraction and geomet-
ric correction, can be integrated into preprocessing, feature extraction, auxiliary evaluation,
and post-processing workflows for DL methods, thereby enhancing the accuracy of shore-
line detection [90–92]. Building on this foundation, long-term shoreline trend forecasting
should fully leverage the advantages of DL to establish a comprehensive workflow en-
compassing identification, analysis, and forecasting. The robustness of such models also
enables effective detection and prediction of erosion and accretion patterns on sandy
beaches. They provide essential data and a priori insights to support regional research,
coastal management, and the enhancement of sandy beach resilience [93,94].

4.2. Sediment Transport: Surrogate Modeling, High-Resolution Flow Field Driving with
Physical Constraints

Sediment serves as the fundamental link between hydrodynamic changes and mor-
phological evolution, whether in sandy beach profiles or shorelines. However, the highly
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stochastic and uncertain nature of sediment transport renders sediment-related numerical
simulations computationally intensive, limiting their applicability for long-term simula-
tions and forecasts. The profile and shoreline prediction models discussed in Section 4.1 gen-
erally simplify or omit complex sediment dynamics. The emergence of DL has prompted
researchers to explore its potential for simulating and forecasting sediment transport. We-
ber de Melo et al. employed CNN that utilized two-dimensional hydrodynamic variables
(vertically averaged flow velocity squared, bed shear stress) as inputs [95]. By extracting
multi-scale features through a multi-branch structure, this model successfully captured
the spatial distribution characteristics of sediment transport. This CNN-based approach
avoids the computational complexity of solving differential equations inherent in tradi-
tional numerical models while maintaining acceptable simulation accuracy. Fajardo-Urbina
et al. applied DL to predict the advection and diffusion of particle swarms over a tidal
cycle, coupling it with a simplified Lagrangian model to achieve longer-term prediction
results [96]. Xie et al. adopted a CNN-based approach to quantitatively model suspended
sediment concentration (SSC), demonstrating its capability to predict hourly SSC variations
while reducing computational costs and improving processing efficiency [97].

The primary driving force behind sediment transport originates from the flow field.
To a large extent, the complexity and high computational cost of sediment transport arise
from the computation of the flow field. Consequently, many researchers are exploring
the use of DL to optimize or replace complex flow field calculations. Among the current
approaches, Physics-Informed Neural Networks (PINNs) have emerged as a mainstream
method. Once trained, PINNs can satisfy differential equations as well as prescribed initial
and boundary conditions, making them a promising alternative to traditional numeri-
cal models (e.g., finite difference, finite volume, spectral methods) [98]. Dazzi tested the
application of PINNs to solve the Shallow Water Equations (SWE) enhancement system,
incorporating topography as a spatially variable feature during training and calculating
the bed slope source term via automatic differentiation [99]. Qi et al. compared the perfor-
mance of Physics-Informed Fully Connected Networks (PIFCNs) and Physics-Informed
Convolutional Networks (PICNs) with a finite volume solver in a real flood event [100].
Their results demonstrated that, for predicting the temporal distribution of water depth,
both PINN variants outperformed the finite volume model in balancing speed and accu-
racy, whereas the finite volume model yielded superior discharge predictions. Bihlo and
Popovych applied PINNs to solve the SWE on a spherical surface, successfully avoiding
boundary value loss functions by encoding boundary conditions within a custom neu-
ral network layer [101]. Huang et al. advanced PINN methodology by integrating both
boundary and initial conditions directly into the governing equations, thereby eliminating
the need to include their residuals in the loss function. This approach achieved better
convergence, reduced memory consumption, and faster training, outperforming traditional
PINNs in several aspects of hydrodynamic simulation [102].

Figure 5 illustrates two complementary pathways for integrating observational data
and physical modeling. The first pathway relies on remote sensing and ground-based mon-
itoring to perform target recognition and fine-grained land cover characterization, followed
by time-series modeling to predict shoreline and profile evolution. The second pathway
integrates physical mechanisms into the learning framework to generate high-resolution
flow fields and free-surface evolution, upon which the spatiotemporal distribution of SSC
is reconstructed. The first pathway emphasizes rapid “data-to-morphology” assessment,
while the second highlights interpretable “mechanism-to-process” simulation. Table 3
summarizes the applications of DL in morphological evolution and sediment simulation
based on typical tasks.
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Figure 5. Two application pathways of DL in sandy beach morphology, flow fields, and sediment
dynamics. (Top) Observation-driven pathway: Construct shoreline/profile sequences using satellite
imagery, TL cameras, and RTK technology; perform feature identification and monitoring; map
time series; and predict erosion, accretion, and morphological evolution. (Bottom) Physics-guided
pathway: Generate high-resolution flow fields under physical constraints and simulate free-surface
processes (image adapted from [102]); subsequently reconstruct and infer the spatiotemporal distri-
bution and dynamics of SSC (image adapted from [95]).

Table 3. Application of DL in morphological evolution and sediment simulation.

Task
Common
Method

Main Data
Sources

Training Scale Advantage Limitation/Risk Ref.

Identification and
extraction of
shorelines

U-Net;
attention
mechanism;
transfer
learning

Multi-period
satellite images;
UAV

Multi-scenario
and multi-year
time series

Automation; wide
coverage; batch
processing

Affected by tidal
levels and
meteorological cloud
cover; limited
cross-domain
generalization

[76,78]

Classification and
identification of
shoreline
geomorphic
details

CNN; attention
module

Multi-period
satellite images;
UAV; temporarily
deployed sensors

Multi-scenario
and multi-year
time series

Automation; wide
coverage; batch
processing

Affected by tidal
levels, meteorological
cloud cover, and
surface feature
diversity; limited
cross-domain
generalization

[77,79]

Prediction of
profile and
shoreline
evolution

LSTM/GRU;
ConvLSTM;
Transformer;
attention
mechanism

Profile survey
lines; shore-based
video shooting;
reanalysis data of
waves, tides,
wind fields

Time series on
weekly–annual
scales

Fast calculation
speed with low
parameters; fast
response to extreme
events; good at
capturing data
variation

Relying on
high-quality sample
sequences; poor
generalization

[85,88]

Inversion and
prediction of SSC CNN

Wind, wave, and
tide time Series;
in situ sampling
(stations, buoys,
sections)

Short time series;
multi-site and
multi-variable

Saving
computational
resources;
effectively coupling
physical processes

Relying on
high-quality sample
sequences

[95–97]

Physical coupling
(PINN, hybrid)

PINN + FCN;
PINN + CNN

Boundary field
composed of
multi-source
observation data;
governing
equation

According to
equation and grid
settings; short
time series

Improved
interpretability and
physical
consistency;
minute-level fast
inference; robust
extrapolation

Uncertainty of
extreme scenarios;
high computing
power requirement;
unstable convergence

[98,100,102]
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5. Application of DL in Sandy Beach Management and Decision-Making

Sandy beaches represent a complex environmental system, and their management
and decision-making are of critical importance. Effective management must address un-
certain factors closely related to sandy beaches (e.g., topographic and demographic data,
socio-economic development, ecological protection) [103]. Fundamentally, sandy beach
management involves providing long-term, stable, and implementable solutions under
multi-objective conditions and considerable uncertainty. DL offers promising approaches
to address the nonlinear interactions among multiple objectives. For example, Kirezci et al.
identified the spatial patterns and temporal evolution of “hotspot areas” using a simple lin-
ear superposition model based on global extreme sea level projections [104]. DL can further
capture complex nonlinear relationships between variables and facilitate the application of
transfer learning strategies in hotspot area analysis. Dal Barco et al. examined the relation-
ships among various hazards across different spatiotemporal scales and analyzed multiple
factors influencing coastline dynamics [105]. Their results showed that MLP achieved
satisfactory performance in estimating daily impact risk when supplied with information
on hazards, exposure, and vulnerability. Garzon et al. developed an early warning system
for coastal erosion based on Bayesian networks, producing promising initial results [106].
The integration of DL could enhance such systems by improving prediction accuracy and
generalization. Lundberg and Lee proposed an interpretable framework for DL prediction
results, offering significant potential for answering management questions such as “Why is
this coastal segment deemed high risk?” and “How will the risk change if sand dunes are
restored or development is restricted?” [107]. The application of rigorous evaluation criteria
can further provide comprehensive quantitative tools for diagnosing and interpreting DL
results [108,109].

In recent years, in terms of operationalization and platformization, digital twin tech-
nologies have demonstrated the advantages of DL in two key aspects: the closed-loop
capability of “from prediction to action” and the platform support for the “data–model–
scenario–decision-making” process. Chen et al. proposed the architecture of a generative
marine digital twin designed to integrate near-real-time observations, data assimilation,
and DL surrogates into a unified data and computing infrastructure [110,111]. The core
components of this system include a data pool, a DL-based marine model, and three-
dimensional visual interaction functions. This architecture can integrate local-scale sandy
beach management into a broader system, thereby lowering the collaboration threshold
across departments and bridging spatiotemporal resolution gaps.

Overall, for the management and decision-making of sandy beaches, conventional
collaborative analyses of multiple variables and traditional ML approaches remain the
mainstream [106,112–117]. Nevertheless, DL holds considerable potential in this field.
Various DL techniques can be deeply integrated into existing management and decision-
making systems to enhance their performance. Figure 6 illustrates, from bottom to top, the
closed-loop of beach management with digital twins as the central hub: multi-source data
undergoes management and quality control to form data streams that drive traditional
models and DL modules (physical/prediction, integrated decision support, and large
language model (LLM) interaction).

First, within the physical/prediction module, DL can rapidly generate numerical
predictions of various physical variables over a future time horizon through its high-
precision forecasting capabilities. These forecasted data can serve two primary purposes:
(1) they can be incorporated into the central digital twin system for visualization and for use
as boundary conditions, and (2) they can provide a scientific reference for the subsequent
integrated decision support module. Within the integrated decision support module,
DL can leverage its strengths in addressing multi-scale and multi-modal tasks, enabling
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comprehensive consideration of future multi-factor and multi-category data. Moreover,
based on the decisions proposed by decision-makers, this module can inversely drive the
physical/prediction module to rapidly simulate and generate the physical data associated
with these decisions. The resulting data can then be visualized within the central digital
twin system, thereby supporting further evaluation by decision-makers. Throughout this
workflow, LLMs can utilize their natural language processing capabilities to serve as an
interface between decision-makers and the digital twin system. Their functions include, but
are not limited to, enabling natural-language querying of the system, generating automated
reports for stakeholders, and translating model outputs into accessible, plain-language risk
assessment reports.

 

Figure 6. Digital twin-driven framework for beach management and decision-making (bottom-top).
The bottom layer comprises real-time data collection, storage, and management. Data streams are
directed along two parallel paths: the traditional marine modeling module on the left, and the DL
technology module on the right. At the core, the digital twin system performs data fusion, model
execution, and updates, and outputs visualized scenario simulations upward. The Earth-style design
illustrated here is adapted from [110].

Digital twins enable unified coupling and visualization, rapidly generate results
for drills, evaluations, decision-making, and disaster response, and facilitate continuous
optimization through feedback loops. The management process can follow a pattern of
“first using DL methods and multi-scenario generation to expand a variety of feasible
solutions, then converging to a limited set of alternatives based on robust indicators”,
while preserving interpretability and calibrated results for auditing purposes [118,119]. In
conclusion, the role of DL in sandy beach management is not to replace physical–economic–
ecological models but to integrate observation, scenario, impact, and action into an operable
evidence chain. At the front end, DL enhances communication through risk maps and
interpretability. At the middle end, DL screens combinations via surrogates and robust
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decision-making. At the back end, DL ensures implementation and traceability through
platforms and verification.

6. Conclusions

Against the backdrop of increasingly frequent extreme events and intensified human
activities, enhancing the resilience of sandy beaches has become an urgent priority for
coastal areas. The resilience of sandy beaches represents a comprehensive capability that
requires coordinated consideration of multiple processes and variables. In recent years,
methods driven by DL have achieved continuous technological breakthroughs and cross-
disciplinary integration. With its exceptional ability to extract spatial features, robust
capacity to fit nonlinear sequences, acceleration of traditional physical processes, and
capability to integrate multi-source data, DL offers promising opportunities for advancing
the enhancement and management of sandy beach resilience.

Centering on the theme of sandy beach resilience, this review categorizes resilience
capabilities into three technical levels: resistance, recovery, and adaptation. Correspond-
ing to the natural impact sequence on sandy beaches, from atmosphere to water to
land, this review addresses three key research aspects: monitoring and forecasting of
the external forcing, modeling and acceleration of sandy beach evolution processes, and
human-led decision-making and management. Based on this framework, this paper sys-
tematically reviews current applications of DL in each aspect and explores its potential
future contributions.

First, this paper reviews and summarizes two major advantages of DL: its strong
capability for spatial feature representation and its ability to capture nonlinear relationships
in sequences, alongside an overview of cutting-edge physics-informed/guided DL. Second,
building on these advantages, this review analyzes DL application scenarios and achieve-
ments in two areas: forecasting typhoon tracks and intensities, and predicting storm surge
peak values. Third, regarding waves that directly influence sandy beaches, this review
examines successful DL applications in accelerating the simulation and forecasting of wave
fields, from both pure data-driven and physics-informed perspectives.

Fourth, focusing on the critical topographic evolution of sandy beaches, including
sediment transport involved, this review identifies two main directions in current DL appli-
cations. The first direction simplifies or bypasses complex sediment and current processes,
instead applying DL to predict one-dimensional profile changes or two-dimensional coast-
line movements, thereby enabling rapid depiction of medium- to long-term beach changes
or short-term erosion and recovery processes under extreme events. The second direction
addresses complex and uncertain sediment transport processes and the high-resolution
flow fields that drive them. Here, DL combined with physics-informed constraints not only
greatly improves computational efficiency but also enhances the physical credibility of the
simulations and forecasts.

Finally, this review explores current methods and strategies for sandy beach manage-
ment and decision-making, proposing a pathway for DL to integrate deeply into existing
systems. This pathway involves first employing DL methods and multi-scenario generation
to broaden feasible solutions, then narrowing these to a limited set of robust alternatives,
while preserving interpretability and calibrated results to ensure auditability.

Overall, this review centers on sandy beaches, aligning DL methods with coastal
process knowledge relevant to beach resilience. It emphasizes that DL is not a substitute
for existing frameworks, but rather a complementary tool that enhances them. The value
of DL lies in shortening the path from observation to action, broadening the scope of
multi-scenario assessments, and improving data transparency for communication and
decision-making. However, limitations mainly arise from challenges in cross-domain
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generalization, robustness under extreme conditions, and adherence to data governance
requirements. On one hand, standardized datasets and corresponding benchmark tests
need to be established to evaluate the forecasting performance of DL-based models. On the
other hand, continued exploration is required to better integrate DL with physical laws,
which will substantially enhance the credibility of DL in coastal applications. Furthermore,
it is essential to investigate the potential of DL as a bridge of human–AI collaboration. Such
efforts would enable the effective communication of DL-based predictions and associated
uncertainties to decision-makers, thereby supporting more informed and efficient decision-
making. Building on this foundation, future research should further explore and harness
DL’s auxiliary and integrative capabilities to improve resilience metrics, and establish
a complete, practical pathway for enhancing the resilience of sandy beaches.
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Abbreviations

The following abbreviations are used in this manuscript:

HFRs High-Frequency Radars
UAVs Unmanned Aerial Vehicles
AI Artificial intelligence
DL Deep learning
ML Machine learning
CNN Convolutional neural network
FCN Fully convolutional network
ViT Vision Transformer
MLP Multilayer perceptron
RNN Recurrent neural network
TFT Temporal fusion transformers
LSTM Long short-term memory
GRU Gated recurrent unit
PINN Physics-informed neural network
GNS Graph network-based simulator
RTK Real-time kinematic
TL cameras Time-lapse cameras
GAN Generative adversarial network
HWRF Hybrid weather research and forecasting
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NACCS North Atlantic coast com-prehensive study
NOAA National Oceanic and Atmospheric Administration
STOFS Storm and tidal operational forecast system
SWAN Simulating Waves Nearshore model
IEWT Improved empirical wavelet transform
EMD Empirical mode decomposition
DELWAVE Deep learning wave emulating model
EDS Edge depth supervision
CSDS Cooperative semantic depth supervision
AFM Attention fusion module
DNN Deep Neural Network
SSC Suspended sediment concentration
SWE Shallow water equations
PIFCN Physics-informed fully connected networks
PICN Physics-informed convolutional networks
LLM Large language model
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