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Abstract

Researchers regularly perform numerical simulations to study dam-break flooding and
predict hydraulic quantities such as Water Surface Elevation (WSE). Mesh-based models,
such as HEC-RAS, commonly solve Shallow Water Equations discretized on a computa-
tional mesh. As an emerging mesh-free approach for flood prediction, Smoothed Particle
Hydrodynamics (SPH) typically involves solving unsteady incompressible Euler flow equa-
tions and requires the evaluation of numerical parameters controlling particle resolution,
smoothing, dissipation, and time integration. This study examines how the time-stepping
scheme, smoothing length, kernel function, interparticle distance, and artificial viscosity
coefficient affect WSE predictions in SPH dam-break simulations. The analysis is based on
three-dimensional SPH simulations of the Cleveland Dam failure in North Vancouver using
DualSPHysics with Light Detection and Ranging (LiDAR)-derived topography. Sensitivity
analysis is performed using variance-based Sobol’ indices to quantify the relative influences
of numerical parameters on the WSE predictions. The findings reveal that the time-stepping
scheme has the largest influence, with percentage differences of 0.87% and 0.63% in the
average and maximum WSEs, respectively. The interparticle distance shows a minimal
impact on accuracy beyond the optimal resolution of 298,188 particles, while the artificial
viscosity coefficient has a negligible impact within the tested range of 0.2 to 0.3. This study
suggests appropriate values for SPH numerical parameters for dam-break flooding.

Keywords: parametric study; SPH method; 3D dam-break flood; LiDAR data
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1. Introduction
Dams are crucial national infrastructure, offering benefits such as flood control, water

storage, irrigation, and hydroelectric power generation. Despite significant efforts to
enhance dam resilience, failures still occur due to factors such as severe flooding, seismic
activity, or ice buildup. These dam-break events are often catastrophic, potentially resulting
in extensive loss of life, property damage, and environmental issues [1].

Recent terrain-mapping technologies can support dam-break risk mitigation by im-
proving the topographic data used for flood prediction. LiDAR is a type of remote sensing
technology that enables the generation of precise and dense elevation data, which is ideal
for flood prediction purposes [2]. An accurate representation of terrain is needed for
high-fidelity flood simulations, as dam-break propagation is strongly influenced by the
topography [3]. In real-world cases, experimental and field observations are often lim-
ited, while LiDAR data provide dense and detailed elevation information, enabling the

Mathematics 2026, 14, 2718 https://doi.org/10.3390/math14152718

https://crossmark.crossref.org/dialog?doi=10.3390/math14152718&domain=pdf&date_stamp=2026-07-31
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/mathematics
https://www.mdpi.com
https://orcid.org/0009-0006-9828-5543
https://orcid.org/0000-0001-9420-3260
https://doi.org/10.3390/math14152718


Mathematics 2026, 14, 2718 2 of 29

construction of realistic computational domains [4]. Therefore, combining LiDAR-derived
topography with predictive numerical methods enables high-fidelity dam-break flow simu-
lations over complex terrain [5].

Among numerical methods, grid-based approaches—such as the volume of fluid
(VOF), marker-and-cell (MAC), and level set methods—are commonly used to model dam-
break flows [1,6]. Conventional 2D models, such as the Hydrologic Engineering Center’s
River Analysis System (HEC-RAS), rely on depth-averaged Shallow Water Equations
(SWEs) solved through grid-based numerical methods [7–11]. Several numerical studies
have also evaluated dam-break model accuracy using simplified 2D benchmark cases and
CFD numerical setups; for example, Magdalena and Pebriansyah [12] solved shallow-
water dam-break flows using SWEs over wet–dry beds with obstacles and reported model
performance in terms of RMSE, while Ferdowsi et al. [13] used an SWE model to evaluate
dam-break water level predictions for asymmetric reservoir setups.

However, these grid-based methods often face significant limitations in terms of the
accurate modeling of complex flow features, particularly in scenarios involving intricate
topographies and unsteady flow conditions. For instance, while Brufau et al. [6] and
Kleefsman et al. [14] demonstrated the applicability of SWE and VOF models for simulating
shallow water flows, respectively, they acknowledged the challenges in accurately tracking
evolving free surfaces. Marsooli and Wu [15] further highlighted these difficulties when
modeling dam-break flows over irregular beds, emphasizing the need for approaches that
can better capture large free-surface deformation over complex topography without relying
on a fixed mesh. This underscores the importance of exploring alternative methods, such
as mesh-free approaches, which may offer improved accuracy when simulating real-world
dam-break scenarios [16].

Over the past four decades, numerical modelers have made significant efforts to de-
velop and apply mesh-free approaches as alternatives to traditional grid-based numerical
methods [17–20]. Among these, Smoothed Particle Hydrodynamics (SPH) has emerged as
one of the most effective methods. Introduced by Lucy [21] and Gingold and Monaghan [22],
SPH was originally designed for astrophysical simulations. The SPH method is a mesh-free
particle-based approach, where the fluid is represented as a collection of discrete particles
that move according to the solutions of the governing equations. Monaghan [19] employed
the SPH method for the first time to tackle free surface flow challenges. Over the past
20 years, this approach has been expanded to various applications in science and engineer-
ing, including the analysis of free surface flows [18,23–26] and dam-break events [27–31].

DualSPHysics is an open-source code based on the SPH method, which is widely used
by numerical modelers for free-surface flow simulations [32,33]. It implements particle-
based formulations of the governing equations and provides numerical options for kernel
functions, smoothing-length specification, artificial viscosity, boundary treatment, and time
integration. It allows for analysis of the effects of selected SPH numerical parameters on
dam-break flows [34,35].

The effects of numerical parameters on the SPH method for real-world scenarios
remain relatively unexplored, particularly for large-scale 3D simulations of dam-break
scenarios using LiDAR data. Previous studies have conducted parametric analyses of the
numerical parameters in 2D classical dam-break scenarios using SPH-based methods such
as DualSPHysics [36,37]. However, according to major journal databases, the open literature
has not reported any extension to real-world 3D simulations to date, leaving a gap in the
quantitative assessment of how SPH numerical parameters affect WSE predictions in such
contexts. Numerical modelers conducting SPH-based dam-break flood simulations need
suitable ranges of numerical parameters when the method is applied to three-dimensional
flows over complex LiDAR-derived terrain, and addressing this issue can support the more
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consistent use of SPH for practical dam-break flood assessment. Therefore, this study aims
to investigate the effects of five numerical parameters—the number of particles, smoothing
length, time-stepping schemes, artificial viscosity coefficient, and kernel functions—on WSE.
It compares the WSE responses under different numerical settings, quantifies parameter
importance and interaction effects using Sobol’ indices, and verifies the selected numerical
setup against reference dam-break simulations. In particular, the DualSPHysics code,
derived from the SPH method, is employed to simulate the Cleveland Dam failure in North
Vancouver, integrating a detailed topographic map derived from LiDAR data.

In this study, the unsteady incompressible Euler flow equations, their SPH discretiza-
tion, and the numerical schemes implemented in DualSPHysics are first established. A
real-world dam-break case is then defined, using the LiDAR-derived topography of the
Cleveland Dam and Capilano River to provide the computational domain and baseline
numerical setup. Based on this setup, the effects of selected numerical parameters on WSE
are examined through a parametric study, followed by a sensitivity analysis to quantify the
dominant parameter effects and interactions. Based on these analyses, the recommended
numerical parameter values are used to define the selected numerical setup. This setup is
then applied to simulate the three-dimensional dam-break flow and analyze the resulting
flood propagation and WSE patterns. Its validity is further assessed through comparison
with a calibrated HEC-RAS model, as well as testing on a classical two-dimensional dam-
break benchmark and a three-dimensional bend-channel dam-break test case. The last
section discusses the selected numerical setup in relation to previous studies.

2. Mathematical Models and Case Study
This section presents the governing equations, kernel approximation, boundary treat-

ment, and time-integration schemes used in the SPH simulations. The selected numerical
parameters are then identified and examined through a parametric study. Then, the
Cleveland Dam case study is introduced, and the LiDAR-derived computational domain
is defined.

2.1. SPH Discretization

Within a mesh-free framework, the flow of an incompressible fluid with negligible
viscous forces is governed by the conservation equations of mass and momentum:

dρ

dt
= −ρ∇.v, (1)

dv
dt

= −1
ρ
∇P + g, (2)

where ρ refers to the fluid density, t is the time, v indicates the velocity, P is the pressure,
and g is the gravitational acceleration.

The weakly compressible formulation enforces the incompressibility constraint in SPH
simulations. In this formulation, the governing equations are complemented by an artificial
equation of state, P = P(ρ), that links pressure to density. Among the available equations
of state, the following is one of the most widely employed [19]:

P(ρ) =
c2

0ρ0

γ

[(
ρ

ρ0

)γ

− 1
]

, (3)

where ρ refers to the fluid density, ρ0 = 1000 kg/m3, γ = 7 is a constant, and c0 = c(ρ0) =√
∂P/∂ρ

∣∣ρ0, which is the speed of sound at the reference density. To ensure accuracy,
the speed of sound is constrained to be at least ten times greater than the maximum
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fluid velocity. This restriction limits density fluctuations to within 1%, thereby closely
approximating an incompressible flow regime without significant deviations.

The SPH method approximates a continuum by representing it as a collection of
discrete particles. In fluid dynamics, the Euler equations are discretized and solved indi-
vidually for each particle using the physical properties of nearby particles. This function
relies on a parameter known as the smoothing length, typically denoted by h. At every time
step, the physical properties of each particle are updated, and their positions are adjusted
accordingly based on the new values [35].

The interpolation function—commonly referred to as the kernel function (W),
can adopt various forms, with cubic and quintic kernels being the most frequently
utilized [1,35,36]. Regardless of its specific form, the kernel function is constructed to
approximate a given function F(r) defined at a position r′ using the integral representation

F(r) =
∫

F(r′)W(r − r′, h)dr′. (4)

The smoothing kernel is expected to be positive, compactly supported, normalized,
monotonically decreasing, and differentiable [38,39]. The function F can be represented
in a discrete, non-continuous form using a set of particles. At a specific particle (α), the
function is approximated through a summation involving all neighboring particles within
its compact support region, as defined by the smoothing length h [40,41]:

F(ra) = ∑
b

F(rb)W(ra − rb, h)∆Vb, (5)

where the subscripts represent individual particles, and Vb corresponds to the volume of a
neighboring particle (b).

These kernels are expressed as functions of the non-dimensional distance between
particles (q), defined as q = r/h, where r represents the distance between two particles a and
b, and h (the smoothing length) determines the region of influence around particle a. In the
present study, the Cubic Spline [42] and Wendland Quintic Spline [43] kernels are adopted,
as defined in Equations (6) and (7):

W(r, h) = αD


1 − 3

2 q2 + 3
4 q3 0 ≤ q ≤ 1

1
4 (2 − q)3 1 ≤ q ≤ 2

0 q ≥ 2
, (6)

where the normalization factor αD is equal to 10/7πh2 and 1/πh3 in 2D and 3D, respectively.

W(r, h) = αD

(
1 − q

2

)
4(2q + 1) 0 ≤ q ≤ 2, (7)

where αD is equal to 7/64πh2 and 21/16πh3 in 2D and 3D, respectively.
The kernel formulations define the admissible range of the dimensionless parameter

q, which constrains the values considered in the subsequent analysis. Stating this range
provides the necessary reference for interpreting the effect of smoothing-length variation
on the numerical results.

The SPH method models fluids as weakly compressible, with the governing Euler
equations being solved in this framework [44]. The conservation Equations (1) and (2)
are reformulated into particle-based expressions using kernel functions. To compute the
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acceleration of a particle a resulting from interactions with neighboring particles b, the
following momentum equation introduced by Monaghan [38] is applied:

dva

dt
= −∑

b
mb(

Pb

ρ2
b
+

Pa

ρ2
a
+ ∏ab)∇aWab + g, (8)

∏ab =


−αcabµab + βµab

2

ρab
vab.rab < 0

0 vab.rab > 0
, (9)

µab = hvab ·
rab(

r2
ab + η2

) , (10)

where va is the velocity of particle a, ∏ab is the viscosity term according to the artificial
viscosity given by Monaghan [38], and rab = ra − rb and vab = va − vb, which denote the
relative particle position and velocity, respectively. Furthermore, cab = 0.5 (ca + cb) is the
mean speed of sound, η2 = 0.01h2, β is 0, and α is the artificial viscosity coefficient, which
requires adjustment to ensure appropriate dissipation.

The continuity equation is solved by directly calculating the density through its
differential form, rather than employing a summation over particle contributions. This
approach leads to the following discretized expression for the continuity equation [38]:

dρa

dt
= ∑

b
mbvab.∇aWab, (11)

where ρa is the density of particle a and ∇aWab = ∂Wab/∂ra.
In the present study, the modified Dynamic Boundary Condition (mDBC) is em-

ployed [45]. The mDBC is an advancement of the Dynamic Boundary Condition (DBC),
originally introduced in [46] and further studied in [47,48]. The DBC represents bound-
aries using particles that satisfy the continuity equation, such as fluid particles. Inter-
actions between fluid and boundary particles generate a repulsive force due to a local
increase in density, which in turn increases the pressure and acceleration of incoming fluid
particles [47].

The mDBC improves upon the DBC by introducing ghost nodes and refining the
computation of boundary particle properties [45]. The boundary particles in mDBC are
arranged similarly to those in the DBC, with an additional boundary interface located
half a particle spacing from the layer of boundary particles closest to the fluid. For each
boundary particle, a ghost node is projected into the fluid region across the boundary
interface. Fluid properties at ghost nodes are determined using a first-order consistent SPH
spatial interpolation of the surrounding fluid particles [49].

The density of boundary particles is computed using the properties of ghost nodes
and a linear extrapolation method [45], while the density and its gradient at ghost nodes
are evaluated by solving a linear system of equations, as proposed in [49]. Once the density
and gradient at ghost nodes are obtained, the boundary particle density is determined
through linear extrapolation using the computed ghost node properties and their positions
relative to the boundary particles [45].

2.2. Time-Stepping Schemes

In the present study, two different explicit time integration schemes—namely, Ver-
let and Symplectic Position Verlet schemes—are utilized. The equations for the density,
position, and velocity of particle a can be expressed as follows [50]:

dva

dt
= Fa;

dρa

dt
= Ra;

dra

dt
= va, (12)
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where Fa is the acceleration term acting on particle a and Ra denotes the rate of change of
the density.

These equations are solved over time using either the Symplectic method or Verlet-
based scheme. The Verlet scheme employs a second-order accurate time integrator and
avoids multiple calculation steps within a single iteration interval. In the Weakly Com-
pressible Smoothed Particle Hydrodynamics (WCSPH) framework, the relevant variables
are computed as follows:

vn+1
a = vn−1

a + 2∆tFn
a , (13a)

rn+1
a = rn

a + ∆tvn
a + 0.5∆t2Fn

a , (13b)

ρn+1
a = ρn−1

a + 2∆tRn
a , (13c)

where ∆t is the discrete time step size, and the superscripts n − 1, n, and n + 1 indicate the
previous, current, and subsequent time steps, respectively.

The decoupling of density and velocity equations due to integration over a staggered
time interval can result in divergence of the computed values. To address this issue, an
intermediate adjustment step is periodically introduced after a recommended number of
time iterations (typically around 40 [35]), according to

vn+1
a = vn

a + ∆tFn
a , (14a)

rn+1
a = rn

a + ∆tvn
a + 0.5∆t2Fn

a , (14b)

ρn+1
a = ρn

a + ∆tRn
a , (14c)

The Symplectic scheme is also second-order accurate in time [51]. The formulation of
the Symplectic scheme without viscosity is expressed as follows:

rn+1/2
a = rn

a +
∆t
2

vn
a , (15)

vn+1
a = vn

a + ∆tFn+1/2
a , (16)

rn+1
a = rn+1/2

a +
∆t
2

vn+1
a , (17)

where the superscript n + 1/2 denotes quantities evaluated at the intermediate
half-time step.

In DualSPHysics, when accounting for density evolution, the velocity at the n + 1/2
step becomes essential. To address this, a velocity Verlet half-step method is utilized to
calculate the velocity required to determine the progression of acceleration and density,
represented by F(rn+1/2) and R(rn+1/2), respectively. The formulation used is as follows:

rn+1/2
a = rn

a +
∆t
2

vn
a , (18a)

vn+1/2
a = vn

a +
∆t
2

Fn
a , (18b)

vn+1
a = vn

a + ∆tFn+1/2
a , (18c)

rn+1
a = rn

a + ∆t
(
vn+1

a + vn
a
)

2
, (18d)
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The evolution of density is computed in accordance with the half-time steps of the
Symplectic Position Verlet integrator, as follows [52]:

ρn+1/2
a = ρn

a +
∆t
2

Rn
a , (19)

The Verlet-based formulation advances velocity, position, and density using quantities
evaluated at integer time steps, which limits intermediate evaluations and reduces com-
putational cost. In contrast, the Symplectic formulation employs half-step updates and
intermediate force evaluations, resulting in tighter temporal coupling between state vari-
ables. Consequently, the Symplectic scheme offers improved accuracy in time integration
at the expense of increased computational effort.

2.3. Case Study

This section defines the computational domain, LiDAR-derived topography, and the
initial numerical setup, thus establishing the reference simulation used in Section 3 to study
the effects of selected numerical parameters on WSE.

The case study is the Cleveland Dam, a 91 m-high concrete structure located at the
head of the Capilano River in North Vancouver, British Columbia, Canada. The dam,
completed in 1954, retains the Capilano Reservoir, a significant water source for the Metro
Vancouver area [53,54]. The Cleveland Dam has experienced several failures of its drum
gate mechanism over the years, resulting in uncontrolled water releases into the Capilano
River. The most recent and severe failure occurred on October 1, 2020, when the drum
gate opened unexpectedly during maintenance, releasing a large volume of water. This
incident caused the death of one individual, with another presumed drowned, and trapped
several visitors in the Capilano River Regional Park [54]. The Capilano River, situated in a
mountainous region, flows through a narrow valley, making it a suitable case for assessing
dam-break flood behavior. The WSE is evaluated at 80 m downstream from the dam, a
critical floodplain location with potential population exposure [31].

The LiDAR data obtained for Cleveland Dam and Capilano River in North Vancouver
was originally provided in LASer (LAS) file format with a resolution of 1 m and 46,569,718
points, as shown in Figure 1a. The LAS format [55] is used to exchange and store LiDAR
point cloud information. The LAS file was converted to STL format, which is compatible
with DualSPHysics code.

For this purpose, the LAS file was first converted to the Polygon (PLY) file format
as an intermediary step, due to the absence of a direct converter from LAS to STL; the
resulting point cloud in PLY format is shown in Figure 1b. Subsequently, the PLY file
was converted to STL format using the Ball Pivoting Algorithm (BPA)—a method used to
generate a triangle mesh from a given point cloud. At its core, BPA determines triangles
using a ball with a specified radius that touches three points without enclosing others [56].
By specifying a one-meter ball radius, the BPA preserved a consistent 1 m resolution in
the conversion process. The LiDAR-derived computational domain used in this study is
provided in the Supplementary Materials.

The geometry and dimensions of the dam, together with the position of the gate
opening through which the release occurs, are shown in Figure 2a. The dam is 91 m high,
while the gate opening—which controls discharge from the reservoir—measures 21 m by
7 m. Figure 2b presents the bed elevations along the river centerline, from the reservoir
upstream to the downstream limit of the computational domain; the downstream reach is
initially dry, corresponding to a zero water level, such that the flood wave released from
the reservoir propagates over an initially dry bed.
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Figure 1. LiDAR point cloud of the Cleveland Dam and Capilano River valley in (a) LAS format and
(b) PLY format.

Figure 2. (a) Three-dimensional view of the dam, showing its geometry, dimensions, and gate-opening
position; (b) bed elevation profile along the river centerline.

Figure 3 shows the computational domain of the chosen area surrounding the dam.
The blue area represents the portion of the reservoir included in the SPH model, maintaining
flow in the river for approximately 50 s, exceeding the 30 s period analyzed in this study.
The figure also includes a real-world image of the same area obtained from Google Earth
Pro [57], providing a visual comparison with the actual topography. The computational
domain encompasses an area of 1200 m by 700 m.

The interparticle distance is analogous to the grid size in Eulerian models, with the
initial particle interspacing r determining the Number of Particles (NoP) and particle
arrangement within the computational domain at t = 0. For the reference simulation, the
Wendland kernel was employed as the smoothing kernel. The r value was set to 2 m,
resulting in a total NoP of 298,188 in the simulation. To mitigate numerical instabilities
and prevent particle interpenetration, artificial viscosity was applied with a value of 0.25.
Additionally, the mDBC was implemented to handle boundary interactions.
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Figure 3. Computational domain of the Cleveland Dam and surrounding Capilano River valley, with
comparison to real-world topography from Google Earth Pro [57].

Temporal integration of the simulation was carried out using a Symplectic time-
stepping algorithm with a CFL number of 0.2. Automatic smoothing length adjustment
was implemented, where the smoothing length was adjusted based on the particle spacing
and the local density of neighboring particles. This approach allows the smoothing length
to be dynamically adapted with respect to changes in particle distribution and density,
eliminating the need for manually predefined values [58]. The fluid properties were also
defined with a density of 1000 kg/m3. The baseline configuration setup used for the
simulations is provided in the Supplementary Materials.

The simulations were conducted using a workstation equipped with an NVIDIA
RTX A2000 GPU with 12 GB of VRAM, supported by an Intel Core i9-13900H CPU and
32 GB of RAM. The GPU’s computational capabilities enabled efficient execution of the SPH
simulations, while the CPU and RAM provided adequate resources for data management
and pre/post-processing tasks. The total runtime of the simulation was 12 min.

3. Effects of SPH Numerical Parameters on WSE
This section evaluates how the selected SPH numerical parameters affect WSE pre-

dictions for the Cleveland Dam case. First, the WSE response under different numerical
setups was compared through a parametric study, and recommends suitable ranges for the
subsequent analysis. The individual and interaction effects of these parameters were then
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quantified, and the selected numerical setup was applied for a 3D dam-break simulation
over the LiDAR-derived domain.

3.1. Parametric Study

First, the effects of the interparticle distance, smoothing length, time stepping schemes,
artificial viscosity coefficient, and kernel function on the percentage difference in the
average WSE and the highest WSE between selected models were assessed.

Four values of resolution or NoP are considered: 1.5 m (NoP = 547,670), 2 m
(NoP = 298,188), 3 m (NoP = 131,769), and 4.5 m (NoP = 59,700). Finer resolutions result
in higher particle counts and longer runtimes; specifically, simulations with r = 1.5 m
required 25 min, while those with r = 2 m, r = 3 m, and r = 4.5 m took 12, 5, and
4 min, respectively.

The WSE, denoted as h’, was evaluated at a fixed point located 80 m downstream from
the dam (X = 80 m), at the centerline of the channel, across various time steps. Figure 4
compares the dimensionless WSE expressed as h′/H, where H is the dam’s initial WSE, and
dimensionless time for the four models. As the NoP increases, the wave profiles converge
toward a unique wave profile across simulations; for example, the percentage difference in
the average WSE between the models with r = 1.5 m and r = 2 m was only 0.048%, while
the percentage difference in the highest WSE was 0.177%.

Figure 4. Effect of NoP on WSE for dam-break flow simulation at X = 80 m using the Symplectic
time-stepping scheme and Wendland kernel.

Based on Figure 4, r = 2 m (NoP = 298,188) was identified as the optimal resolution; in
particular, the model with this resolution provides near-identical wave profiles to those
obtained with the finest resolution (r = 1.5 m) while requiring less than half the runtime.
Conversely, models with larger r values (r = 3 m and r = 4.5 m) showed deviations in
WSE, demonstrating the trade-off between computational efficiency and result precision.
Increasing the NoP beyond 298,188 particles offers limited improvements, making this
setup recommended for further parametric studies.

The effect of the smoothing length (h) was examined through the dimensionless
ratio q = r/h, which controls the relative size of the support domain and defines the
interaction region in the numerical approximation. According to Equations (6) and (7), q
can theoretically range between 0 and 2. However, the choice of q must ensure sufficient
particle interactions while avoiding excessive smoothing. In this study, six different q values
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were analyzed: q = 2, q = 1, q = 0.5, q = 0.285, q = 0.2, and q = 0.1. Table 1 summarizes the
smoothing lengths corresponding to these q values, with r = 2 m used in all simulations.
Figure 5 shows the relationship between the dimensionless WSE and dimensionless time
for different smoothing lengths and q values.

Table 1. Smoothing lengths (h) and corresponding q values.

Smoothing Length q = r/h

1 2
2 1
4 0.500
7 0.285
10 0.200
20 0.100

Figure 5. Effect of q = r/h on WSE for dam-break flow simulation at X = 80 m.

The computational runtime for all smoothing lengths was nearly identical, making
accuracy the primary criterion for selecting h. When q = 2 (h = 1) or q = 0.1 (h = 20), no flow
movement is observed after the dam breaks. These extreme values of q are unsuitable for
the simulation, as they fail to capture the dynamics of the flow. Specifically, when q = 2, the
support domain is too small, resulting in insufficient particle interactions; in contrast, for
q = 0.1, the support domain is excessively large, leading to over-smoothing and the loss of
local details.

Overall, the best range for the q value was found to be between 0.5 and 1; in particular,
the percentage difference in the average WSE between the models with q = 0.5 and q = 1 was
0.46%, while the percentage difference in the highest WSE was 0.35%. Thus, both setups
produce nearly identical results, making them suitable for future simulations. Conversely,
q values outside this range (e.g., q = 0.285 or q = 0.2) resulted in noticeable deviations in the
wave profile.

The effects of two time-stepping schemes—Symplectic and Verlet—were also eval-
uated. Figure 6 compares the two schemes by plotting the dimensionless WSE against
dimensionless time. The percentage differences in the average and highest WSEs quantify
the influence of a given scheme on the simulation results.
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Figure 6. Effect of time-stepping schemes on WSE for dam-break flow simulation at X = 80 m.

The differences in the wave profiles produced by the two schemes were greater than
those observed for other parameters: the percentage difference in the average WSE between
the two schemes was 0.87%, while the percentage difference in the highest WSE was 0.63%.
The computational runtime differed slightly between the two schemes, with the Verlet-
based scheme requiring 9 min and the Symplectic scheme requiring 12 min to complete the
simulation. Both simulations were conducted on the workstation described in Section 2.3,
and GPU-based parallel execution in DualSPHysics was used in both cases. Although
the Verlet-based scheme reduced the runtime by approximately 25% in this case, this gain
remains moderate relative to the total simulation time. Given this moderate gain, the
Symplectic scheme was adopted for the subsequent simulations. The Verlet-based scheme
would have been used if the runtime reduction exceeded 50% while the WSE differences
remained limited.

In this study, the effects of three different artificial viscosity coefficient values (0.2,
0.25, and 0.3) were analyzed. Figure 7 presents the dimensionless WSE as a function of
dimensionless time. All three values produced similar wave profiles; for example, the
percentage difference in the average WSE between α = 0.2 and α = 0.3 was 0.046%, while
the percentage difference in the highest WSE was 0.022%. These small differences suggest
that the range from α = 0.2 to α = 0.3 is recommended for achieving accurate results.

Figure 7. Effect of artificial viscosity coefficient (α) on WSE for dam-break flow simulation at X = 80 m.
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Additional simulations conducted for α values outside this range led to results that
were significantly different from those obtained with α = 0.2 to α = 0.3; for example, at
α = 0.1, the wave profile exhibited unphysical oscillations, while at α = 0.4, excessive
damping was observed, resulting in a flattened wave profile. These deviations indicate
that α values outside the range of 0.2 to 0.3 fail to accurately capture the dynamics of the
dam-break flow.

The cubic spline kernel and the Wendland kernel were examined to assess their
influence on the dam-break flow simulation. Figure 8 compares the dimensionless WSE
against dimensionless time for these two kernel functions. As for the other parameters,
the kernel function’s influence on the simulation results was quantified by calculating the
percentage differences between the average and highest WSE.

Figure 8. Effect of kernel function on WSE for dam-break flow simulation at X = 80 m.

Both kernel functions produced similar wave profiles, with only minor differences
observed; specifically, the percentage difference in the average WSE between the two kernel
functions was 0.2%, while the percentage difference in the highest WSE was 0.56%. Thus,
both the cubic spline and Wendland kernels are effective in capturing the dynamics of
the dam-break flow. Furthermore, the computational runtime for both kernel functions
was nearly identical. Based on these results, both the cubic spline and Wendland kernels
are recommended for SPH simulations of dam-break flows. The recommended numerical
parameter values and ranges obtained from the parametric study are summarized in
Table 2.

Table 2. Recommended SPH numerical parameter values and ranges for dam-break simulations.

Parameter Recommended Value
or Range Justification

Interparticle distance r = 2 m Near-identical WSE profiles are obtained compared with r = 1.5 m,
with less than half the runtime.

Smoothing-length ratio 0.5 ≤ q ≤ 1 Similar WSE profiles are obtained within this range, while values outside
the range produce noticeable deviations or loss of flow resolution.

Time-stepping scheme Symplectic Improved time-integration accuracy is provided, while the runtime
reduction obtained with the Verlet-based scheme remains moderate.

Artificial viscosity coefficient 0.2 ≤ α ≤ 0.3 Similar WSE profiles are obtained within this range, while lower or higher
values produce oscillations or excessive damping.

Kernel function Cubic spline or Wendland Comparable WSE responses and nearly identical computational runtimes
are obtained with both kernels.
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3.2. Sensitivity Analysis of Numerical Parameters

To extend the parametric study beyond single-parameter comparisons, a sensitivity
analysis was conducted to quantify the effects of three numerical parameters on the pre-
dicted maximum WSE. This analysis allows for quantitative assessment of the relative
importance of parameters and their interaction effects. A surrogate-based framework
enabled the computation of sensitivity indices.

The polynomial order and the regression strategy for the Polynomial Chaos Expansion
(PCE) surrogate model were selected based on the leave-one-out (LOO) cross-validation
error. Among the tested combinations, a second-order PCE with the Least Angle Regression
(LARS) approach yielded the minimum LOO error. The resulting PCE surrogate was sub-
sequently employed to compute first- and second-order Sobol’ sensitivity indices. In this
analysis, NoP and the time-stepping scheme were fixed based on the preceding parametric
assessment. In particular, NoP was fixed at 298,188 particles because this resolution pro-
duced near-identical WSE profiles to those obtained with 547,670 particles while requiring
less than half the runtime, and further refinement provided only limited improvement.
Furthermore, the Symplectic scheme was selected because its half-step updates and inter-
mediate force evaluations provide tighter temporal coupling and improved accuracy in
time integration, whereas the Verlet-based scheme was found to reduce the runtime by only
approximately 25%. Therefore, the sensitivity analysis focused on the smoothing length,
kernel function, and artificial viscosity coefficient.

The sensitivity analysis used the same parameter ranges as the parametric study, with
50 samples generated for each case, and WSE used as the model output. This analysis
was conducted for representative dam heights of 80 m, 90 m, and 100 m. Table 3 reports
the first-order Sobol’ indices for the selected numerical parameters, quantifying their
individual contributions to the variance of the predicted WSE for the three cases. The results
indicate that the smoothing length is the dominant parameter, while the kernel function
exhibits a moderate influence. In contrast, the artificial viscosity coefficient contributes only
marginally within the investigated range.

Table 3. First-order Sobol’ indices for H = 80, 90, and 100 m.

Parameter Sobol’ Index
(H = 80 m)

Sobol’ Index
(H = 90 m)

Sobol’ Index
(H = 100 m)

h 0.681 0.676 0.700
Kernel 0.149 0.180 0.171

α 0.045 0.035 0.039

Table 4 presents the second-order Sobol’ indices. The interaction between the smooth-
ing length and the kernel function represents the most significant interdependence in all
cases. The remaining interactions are negligible, indicating limited coupled effects between
the artificial viscosity coefficient and the other parameters.

Table 4. Second-order Sobol’ indices for H = 80, 90, and 100 m.

Parameter
Interaction

Sobol’ Index
(H = 80 m)

Sobol’ Index
(H = 90 m)

Sobol’ Index
(H = 100 m)

h–Kernel 0.123 0.102 0.088
α–Kernel 0.000 0.005 0.000

α–h 0.000 0.000 0.000
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3.3. Numerical Simulation

Next, the numerical parameters recommended in Section 3.1 were applied to study
the three-dimensional dam-break flow at the Cleveland Dam. The results are presented for
the temporal evolution of the dam-break flow, the spatial distribution of WSE, and water
surface profiles at different cross-sections.

The results of the 3D dam-break simulation are presented in Figure 9, illustrating the
flow evolution at three distinct dimensionless time instances, t = 0.17, t = 0.33, and t = 0.50,
corresponding to t = 10 s, t = 20 s, and t = 30 s, respectively. The total released flood volume
during the dam-break event was approximately 12,500 m3. The water column collapses due
to gravitational forces, propagating along the dry horizontal bed; as the flow progresses
downstream, the Capilano River’s curved terrain influences the flood behavior.

 

Figure 9. Evolution of the dam-break flow at three distinct time instances: t = 10 s, 20 s, and t = 30 s,
corresponding to t = 0.17, t = 0.33, and t = 0.50, respectively.

Figure 10 illustrates the isosurface map of the WSE at t = 0.5. The horizontal axis
represents the dimensionless length of the river (defined as X/D, where X is the distance
from the dam and D is the hydraulic depth, defined as cross-sectional flow area divided
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by water surface width evaluated at the reference Section 80 m downstream of the dam).
The dam is located at X/D = 0 on the left side of the figure, and the flow direction is from
left to right, with the downstream end at X/D = 21.92. The vertical axis indicates the
dimensionless width of the cross-section (defined as W ′/D, where W ′ is the width at each
specific location). The WSE after the dam-break, h′/H, is normalized by the initial WSE.

Figure 10. Isosurface map of the dimensionless WSE at t = 0.5.

The map was constructed from 12 cross-sections spanning from 6.85 to 21.92 at a
uniform spacing of 1.37, with values between sections linearly interpolated along the flow
direction. The contour patterns highlight variations in WSE, especially near the upper and
lower edges of the figure (representing the left and right riverbanks, respectively), and
toward the right side of the plot (corresponding to the downstream region). At X/D = 21.92,
the water surface flattens. The rapid elevation fluctuations diminish, suggesting a more
uniform WSE as the flood wave advances.

Figure 11 depicts the water surface profiles across 8 distinct cross-sections of the
river at t = 0.5. The vertical axis corresponds to the dimensionless WSE (h′/H), while
the horizontal axis indicates the dimensionless width of the cross-section (W ′/D), as
described for Figure 10. The maximum value of the horizontal axis varies among the plots
because each cross-section has a different river width. Each cross-section is annotated with
a corresponding X value; for example, an annotation of X/D = 16.44 indicates that the
respective cross-section is located 60 m downstream from the dam. The WSE evolution
profiles at different cross-sections along the river at t = 0.5 reveal the spatial distribution
of water levels across the width of the river. The variations in h′/H across the sections
represent the large free-surface deformation of the dam-break flow over the irregular
riverbed. In these profiles, the left side of each plot (W′/D = 0) corresponds to the right
bank of the river, and the right side corresponds to the left bank. It was assumed that the
initial condition represents a dry bed, meaning the WSE before flooding is 0.
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Figure 11. Water surface profiles for 8 distinct cross-sections of the river at t = 0.5, illustrating the
variations in water elevation downstream from the dam.

Figure 12 presents the velocity field distribution contours across 8 distinct cross-
sections of the river at t = 0.5. The vertical axis corresponds to the dimensionless WSE
(h′/H) and the horizontal axis indicates the dimensionless width of the cross-section (W′/D),
as described above, with each cross-section annotated by its corresponding X/D value.
Within each cross-section, the velocity magnitude was found to be largest near W′/D = 0
(i.e., along the right bank of the river) and decreases toward the left bank, reflecting
the influence of the curved terrain of the Capilano River on the flow distribution across
its width.
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Figure 12. Velocity field distribution contours for 8 distinct cross-sections of the river at t = 0.5,
illustrating the variations in velocity magnitude downstream from the dam.

Table 5 summarizes the minimum, mean, and maximum velocity magnitudes at the
8 cross-sections at t = 0.5. The mean velocity magnitude increased steadily in the down-
stream direction, from X/D = 6.85 to X/D = 16.44. This trend occurs because, at t = 0.5, the
flood wave front had advanced into the downstream reach, while the flow in the upstream
sections had already decelerated as the reservoir emptied.
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Table 5. Summary of the velocity magnitudes at the 8 cross-sections of the river at t = 0.5.

X/D X (m) V_Min (m/s) V_Mean (m/s) V_Max (m/s)

6.85 25 0.852 1.63 2.00
8.22 30 2.02 2.94 4.02
9.59 35 3.50 4.15 5.06
10.96 40 4.47 5.05 5.62
12.33 45 5.09 5.57 5.99
13.70 50 5.21 5.70 6.15
15.07 55 5.50 5.95 6.20
16.44 60 6.02 6.29 6.44

The spatial patterns observed in Figures 9–12 highlight the three-dimensional nature
of dam-break flood propagation. The results indicate a non-uniform distribution of WSE
across successive cross-sections, with more pronounced variations near the riverbanks.
These patterns reflect the combined influence of complex topography and flow expansion
on the evolving flood wave.

4. Verification of the Parameter Ranges
4.1. Verification Against a Two-Dimensional Shallow Water Model

To further assess the quality of the numerical results obtained from the three-
dimensional SPH simulations, a comparative analysis was carried out with the same
test case using a two-dimensional HEC-RAS model based on the SWEs [11]. This model
was solved under unsteady flow conditions, with flow resistance represented by Manning’s
roughness coefficient. This comparison allowed for examination of the consistency of the
predicted WSEs obtained from the SPH framework with those produced with a widely
used depth-averaged approach.

The HEC-RAS computational domain was defined using the same LiDAR-derived
topography used in the SPH model. The roughness coefficient was calibrated specifically
for the main channel using observed water depth data from the Cable Pool gauge station
located in the Capilano River. Manning’s roughness coefficients range from 0.020 to 0.060
and were tested iteratively, consistent with previous HEC-RAS roughness calibration stud-
ies [59,60]. For each tested value, the simulated water depth response was compared with
the observed data, and the coefficient providing the closest agreement was selected. This
calibration was performed under transient conditions to account for the rapid variations
in flow depth and velocity associated with the dam-break process [61,62]. Following this
procedure, a final Manning’s roughness coefficient of n = 0.037 was obtained and used for
the subsequent comparison.

After calibration, the WSE predicted using the HEC-RAS model was extracted at 80 m
downstream from the dam and compared with the corresponding results obtained from
the SPH simulations. The agreement between the two models was evaluated using the
Ratio of the Root Mean Square Error to the Standard Deviation (RSR).

Figure 13 presents the comparison between the WSE predicted using the SPH model
and the corresponding results obtained from the HEC-RAS simulation. The agreement
between the two models is quantified using the RSR, with a value of 0.331, indicating
a close correspondence between the predicted water surface profiles. According to the
performance criteria proposed by Moriasi et al. [63,64], an RSR value lower than 0.5 denotes
very good agreement, confirming that the SPH model accurately reproduces the WSE
predicted by the depth-averaged reference model at 80 m downstream from the dam.
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Figure 13. Comparison of WSEs predicted using the SPH and HEC-RAS models.

4.2. Verification Against a 2D Classical Dam-Break Test Case

A 2D dam-break test case was used to verify that the numerical parameter ranges
and modeling choices identified in Section 3.1 lead to consistent results when applied to
an independent dam-break benchmark. The 2D dam-break setup is widely used in the
literature as a reference problem, due to its controlled conditions and the availability of
experimental measurements [36,65,66].

The validation test case corresponded to a two-dimensional classical dam-break exper-
iment conducted in the Civil Engineering Hydraulics Laboratory of Çukurova University,
Turkey [67]. The experimental setup was arranged in a rectangular channel with internal
dimensions of 8.90 m in length, 0.30 m in width, and 0.35 m in height. A vertical dam
was positioned 4.65 m from the channel entrance, creating an upstream reservoir. The
initial water depth in this reservoir was taken as 0.25 m, while the downstream region was
kept dry.

For the numerical model, the Wendland kernel was implemented together with a
Symplectic time-stepping scheme. The artificial viscosity coefficient, α, was set to 0.25,
consistent with the range identified in the parametric analysis, where values between
0.2 and 0.3 were found to produce convergent wave profiles. The ratio between particle
spacing and the smoothing length, q, was set to 0.5, following the findings in Section 3.1.

Figure 14 illustrates the free-surface evolution obtained from the SPH model at five
distinct instants during the dam-break process. To enable a consistent comparison with
the experimental data, the physical time, t, was normalized using the characteristic scaling
(g/ Hv)

0.5, where Hv is the initial water depth in the reservoir. The resulting dimensionless
time is denoted by T, and the five snapshots shown in the figure correspond to T = 1.13,
2.76, 3.8, 5.01, and 6.64. These images are used to represent the temporal progression of the
dam-break wave as it propagates along the channel.

Figure 15 presents the comparison between the computed free-surface profiles ob-
tained with the SPH model and the corresponding experimental measurements at the same
dimensionless times T. Both the horizontal length and the flow depth were normalized by
the initial water depth Hv, yielding the dimensionless variables Xv and h’v, respectively. The
numerical assessment of the model performance is provided in Table 6, where the statistical
measures are reported for each value of T. Since these measures were computed from the
dimensionless depth h′v, the reported RMSE, MAE, and MBE values are dimensionless.
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Figure 14. Free-surface evolution of the flow at five dimensionless times T, extracted from the SPH
simulation of the 2D classical dam-break flow.

Table 6. Dimensionless statistical measures evaluating the agreement between the SPH results and
the experimental free-surface profiles for different T values.

T R2 RMSE MAE MBE

1.13 0.983 0.039 0.030 0.028

2.76 0.994 0.024 0.020 0.020

3.88 0.990 0.033 0.029 0.029

5.01 0.995 0.021 0.016 0.008

6.64 0.993 0.023 0.018 0.017

The discrepancies reported in Table 6 are consistent with the RMSE range of 0.01–0.10
reported by Magdalena and Pebriansyah [12] and the R2 values of up to approximately
0.96 obtained by Ferdowsi et al. [13] for classical dam-break simulations, indicating an
acceptable level of agreement.
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Figure 15. Comparison between the dimensionless free-surface profiles obtained with the SPH model
and the experimental data at different T values.

4.3. Verification Against a 3D Dam-Break Test Case Through a 45◦ Bend Channel

To extend the previous 2D verification (Section 4.2) to a more complex setup, a 3D
dam-break test case involving a bend channel—thus combining the effects of flow turning
and three-dimensional propagation—was considered. Validation was conducted using
a well-established dam-break benchmark developed within the CADAM (Concerted Ac-
tion on Dam-Break Modeling) program, which provides experimental data for model
verification [68]. This benchmark was derived from controlled dam-break experiments
conducted in the Civil Engineering Department Laboratory of the Université catholique
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de Louvain, Belgium, in which a reservoir was connected to a straight channel followed
by a 45◦ bend, and is included in the CADAM program for dam-break model verifica-
tion [68,69]. The configuration was designed to reproduce the effect of an abrupt change in
flow direction, a condition under which one-dimensional approaches may fail to predict
the maximum water level and the wave arrival time [69]. The engineering relevance of
this configuration is associated with flood propagation through curved natural rivers and
engineered channels, where flow turning produces non-uniform water depth and velocity
distributions across the section. A comparable effect is observed in the Cleveland Dam case,
where the curved terrain of the Capilano River produces non-uniform WSE and velocity
distributions across the river, while lower velocities are obtained in the upstream sections
at t = 0.5 as the reservoir empties. The two configurations also share the same physical
structure; namely, a reservoir released onto an initially dry downstream reach. The bench-
mark was therefore used to assess the recommended SPH setup under controlled three-
dimensional flow-turning conditions, with gauge G4 (located within the bend) providing
direct verification that the recommended parameter ranges reproduce the flow behavior in a
curved reach.

In addition to the numerical parameters obtained in the present study, an additional
simulation was performed using basic values of numerical parameters that are physically
consistent, in order to evaluate the influence of parameter selection. Furthermore, the
water depths were compared to the SPH numerical results reported by Kao and Chang [16].
The computational domain and measurement locations are illustrated in Figure 16. The
computational domain consisted of a square reservoir connected to a horizontal channel
followed by a 45◦ bend, with the geometric dimensions defined in the figure. The initial
water depth in the reservoir was 0.25 m, while the downstream channel was initially dry.
Four gauges (G1–G4) were positioned along the flow path, with G1 located inside the
reservoir, G2 and G3 along the straight channel, and G4 within the bend section, allowing
for evaluation of flow propagation and water depth evolution throughout the domain. The
recommended numerical setup comprised a Wendland kernel, a Symplectic time-stepping
scheme, an artificial viscosity coefficient of 0.25, and a particle spacing to smoothing length
ratio (q) of 0.5, with a total number of particles of approximately 300,000.

 

Figure 16. Computational domain and gauge locations for the 3D dam-break test case through a
bend channel.

In contrast, the basic setup was defined by modifying four numerical parameters
outside the ranges recommended in Section 3. Specifically, a Verlet time-stepping scheme

https://doi.org/10.3390/math14152718

https://doi.org/10.3390/math14152718


Mathematics 2026, 14, 2718 24 of 29

was employed, the artificial viscosity coefficient was increased to α = 0.4, the particle
spacing to smoothing length ratio was set to q = 0.285, and the total number of particles
was reduced to approximately 200,000. Additionally, the results corresponding to the best-
performing parameters in the research of Kao and Chang [16] were selected for comparison
in the present study.

The comparison between the simulated and experimental water depths at the four
gauges over a total simulation time of 20 s under the recommended setup, the basic
setup, and the results from Kao and Chang [16] is presented in Figure 17. At early times
(t < 2.5), the recommended setup showed closer agreement with the experimental water
depth response than the basic setup and the results of Kao and Chang [16]. It also better
reproduced the oscillatory behaviors observed at G3 after t = 10 s and at G4 after t = 7.5 s.

 

Figure 17. Comparison of water depth hydrographs at four gauges for the recommended setup, the
basic setup, and the results of Kao and Chang [16].

To quantify the agreement, a relative L2 metric was employed, defined as

L2 =

√√√√ 1
N

N

∑
i=1

(
h′ i(SPH) − h′ i(Exp)

h′ i(Exp)

)2

, (20)

where h′ i (SPH) and h′ i (Exp) represent the simulated and experimental water depths,
respectively. The computed values for each gauge are summarized in Table 7. For
the recommended setup, at G1—corresponding to the region where the flow varies
smoothly—a low value of 0.052 was obtained. At G2 and G3—which correspond to the
region of rapid flow transition immediately downstream of the gate and along the straight
channel—larger errors of 0.175 and 0.148 were obtained, respectively. At G4—located in the
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bend section—the error decreased to 0.111, showing that the model maintained a consistent
prediction after the flow entered the curved region. According to Kao and Chang (2012),
error values below 0.2 indicate good agreement with experimental data [16].

Table 7. L2 errors between the simulated and experimental water depths for different setups.

Measurement
Gauge

L2_Recommended
Setup L2_Basic Setup L2_Kao and

Chang [16]

G1 0.052 0.086 0.077

G2 0.175 0.497 0.347

G3 0.148 0.171 0.155

G4 0.111 0.269 0.154

5. Discussion
In this study, a parametric analysis was carried out to evaluate the influence of five

numerical parameters on SPH simulations of dam-break flows. The results demonstrated
that decreasing r leads to convergence of wave profiles, with minimal differences observed
for r ≤ 2 m. Further refinement beyond this resolution provided negligible improvements
in accuracy while increasing the computational cost. The optimal particle spacing reported
for a previous 2D SPH dam-break benchmark corresponded to r/H ≈ 0.017, which is close
to the value obtained in the present study (r/H ≈ 0.021) [36].

When q was set between 0.5 and 1, the results were closer to a unified wave profile.
Similar observations are reported in [36], where the value of q is identified as 0.7. This
falls within the range of 0.5 to 1 identified in this study. Moreover, the optimal value of
q = 0.9 reported by Korzani et al. [37] is consistent with the range of 0.5 to 1 identified in
the present study. In addition, their reported instability at q = 1.12 supports the conclusion
that values outside this range may reduce the reliability of SPH simulations.

The computational runtime was nearly the same for all tested α values. Based on
the results of this study, and consistent with two independent references [36,65], α val-
ues between 0.2 and 0.3 can be recommended for SPH simulations of dam-break flows.
Zeng et al. [36] demonstrated that α = 0.19 provided the best results for dam-break flows,
which is close to the lower end of the range identified in this study; however, they tested
only a limited set of values, with the next tested value being α = 0.4, which introduced
excessive damping. It is possible that, if they had tested additional values within the range
of 0.2 to 0.3, they may have reported results consistent with those presented here.

The limited influence of α on the predicted WSE is not restricted to the Cleveland Dam
configuration. The first-order Sobol’ index of α remained between 0.035 and 0.045 for the
three dam heights considered (Table 3), and its second-order interactions with the other
parameters were all close to zero (Table 4), which indicates that the small contribution of α
to the variance of the WSE is preserved as the scale of the problem changes. This behavior
is expected for dam-break flows, in which the free-surface response is governed primarily
by gravity, inertia, and the bed topography, such that the small numerical dissipation
introduced within the range of α = 0.2 to 0.3 does not appreciably alter the wave profile.
The influence of α is therefore expected to remain limited for dam-break scenarios with
comparable flow characteristics, whereas it may become more significant for flows in which
viscous dissipation plays a larger role or for α values outside the tested range, where
unphysical oscillations or excessive damping occur, as detailed in Section 3.1.

Previous dam-break benchmark and CFD studies have reported RMSE values of ap-
proximately 0.01–0.10 and R2 values up to about 0.96 [12,13]. In the present SPH verification,
the RMSE values (Table 6) remained consistently below 0.04 for all dimensionless times
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considered, while the corresponding R2 values exceeded 0.98 for all examined times. The
present model’s accuracy was within—and, in several cases, above—the range of values
reported in comparable dam-break studies.

The L2 errors in Table 7 show that the recommended setup achieved the closest
agreement with the experimental data for the 3D bend-channel test case. Lower errors were
observed across all gauges, indicating that the selected numerical parameter ranges improve
the consistency of the predicted water depths. Beyond the gauge-by-gauge comparison, this
result demonstrates that the recommended numerical parameter ranges remain suitable for
a case involving flow turning and three-dimensional propagation, where local water depth
variations are more difficult to reproduce.

6. Conclusions
This study investigated the effects of selected SPH numerical parameters on WSE

predictions for dam-break flood simulation over a LiDAR-derived computational domain.
The unsteady incompressible Euler flow equations, SPH discretization, boundary treatment,
and time-integration schemes were first presented to define the numerical framework
and identify the parameters examined in the study. The initial numerical setup for the
Cleveland Dam was then established, and the effects of the interparticle distance, smoothing
length, time-stepping scheme, artificial viscosity coefficient, and kernel function were
evaluated through a parametric study. The results revealed that a particle spacing of 2 m,
corresponding to 298,188 particles, provides a suitable resolution for the present case, while
the smoothing length ratio q should remain within the range of 0.5 to 1. The Symplectic
scheme was adopted for the following simulations, based on its numerical properties. The
artificial viscosity coefficient showed limited influence within the range of 0.2 to 0.3, and
the cubic spline and Wendland kernels were found to produce comparable WSE responses.

The sensitivity analysis further demonstrated that the smoothing length is the dom-
inant source of variability in WSE, followed by the kernel function, while the artificial
viscosity coefficient has only a limited influence within the tested range. Based on the
identified parameter ranges, a recommended setup was applied to the three-dimensional
Cleveland Dam simulation to examine flood propagation and assess the resulting WSE
patterns over the LiDAR-derived computational domain. The verification results supported
the selected parameter ranges, as the SPH results showed close agreement with the cali-
brated HEC-RAS model at 80 m downstream. Furthermore, testing on a 2D dam-break
benchmark yielded low RMSE values and high R2 values, while the recommended setup
achieved lower L2 errors in a 3D bend-channel test case when compared to the basic setup.
These findings collectively indicate that the recommended SPH parameter ranges can
improve the consistency of WSE predictions in dam-break flood simulations.

In future work, particular attention should be given to calibration of the smoothing
length, as it exhibited the strongest influence on the simulation results in the present study.
A systematic investigation of smoothing length selection may improve the robustness and
reliability of SPH simulations across different flow conditions. Further studies could con-
sider alternative evaluation metrics, such as discharge rates, to provide better insight into
flood dynamics beyond WSE. Additionally, the presented verification could be extended
to documented dam-break events at hydraulic structures with comparable configurations,
which would further strengthen the practical applicability of the recommended parameter
ranges to engineering practice.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/math14152718/s1, File S1: LiDAR-derived computational domain
used for the Cleveland Dam simulations; File S2: Baseline numerical configuration setup used for
the simulations.
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