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Abstract: This study employs the Delft3D numerical model to elucidate nonlinear interac-
tions in velocity dynamics across four key marine regions during typhoon-induced storm
surges (Typhoon In-fa, No. 2106). To address gaps in understanding how typhoon winds
drive storm surges, this study aims to analyze the relative contributions of bottom fric-
tion, wind stress, and convective terms to storm surge dynamics, providing insights for
predictive modeling and marine hazard mitigation. Introducing a novel metric, the “Flow
Velocity Nonlinear Coupling Proportion” (“FVNCP”, abbreviated as “NCP”), this research
quantifies the interactive effects of storm surge flow velocity by dissecting the contributions
of bottom friction, wind stress, and the convective term. Through decision tree modeling,
wind stress emerges as the primary driver of NCP in open sea and sheltered areas, with
peak values reaching 1.50 × 10−4 and 2.14 × 10−4 m/s2, respectively. In contrast, the
convective term dominates the strait and bypassing regions, exhibiting maximum impacts
of 3.21 × 10−4 and 2.94 × 10−4 m/s2, while bottom friction’s influence is consistently
minor across all regions. Wind stress contributes the most to NCP in open waters, at an
average of 48.28%, while the convective term exerts a comparable 38.85% effect. In confined
areas like the strait and bypassing regions, the convective term accounts for 40–44% of
the NCP, with wind stress contributing 32–39%. The role of bottom friction is the least
among the three factors though its impact intensifies in shallower zones. These findings
offer critical insights for advancing predictive models and informing strategies to mitigate
typhoon-driven marine hazards.

Keywords: typhoon storm tide; nonlinear coupling; convective term; shear stress;
numerical simulation; decision tree model

1. Introduction
Typhoon-induced storm surges pose severe threats to coastal ecosystems and infras-

tructure, particularly in regions like the Zhoushan sea area where unique geographic and
climatic conditions amplify surge impacts. The challenges of observing critical flow dynam-
ics, such as velocity and direction shifts during typhoon events, are compounded by the
complex marine environment where nonlinear interactions between forces like wind stress
and tides intensify flow variability. Advances in ocean dynamics modeling have enabled
researchers to simulate these events with increasing precision. While many studies have
primarily focused on tidal levels, fewer have investigated the nuanced transformations in
flow velocity—a gap this study addresses by modeling velocity changes during typhoon
storm surges in the Zhoushan area.

In the early 1970s, operational numerical model forecasts for storm surges on the
northwest European shelf, such as those developed by R.A. Flather, successfully integrated
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surge–tide interaction effects, marking a significant advancement in storm surge model-
ing [1]. By the 1980s, B. Johns and M. Anwar Ali extended these concepts using nonlinear
numerical models for typhoon-induced storm surges in the Bay of Bengal, demonstrating
that such interactions could dramatically elevate coastal water levels due to the coupling of
surge dynamics [2]. Building on this foundation, J.A. As Salek and T. Yasuda introduced a
more comprehensive model in 1995, incorporating critical factors such as island geography,
sea level rise, and variable water depths. Their work underscored how these elements
intensify coupling effects, driving significant increases in coastal water levels [3]. Building
on Flather’s early work, researchers such as Kim and Yasuda (2008) refined storm surge
modeling through the SuWAT model, which captures interactions between depth-averaged
nonlinear shallow water equations and wave effects using the SWAN model, enhancing
water level prediction accuracy by 40% during Typhoon Ewiniar [4]. Subsequently, Zhou
and Tan (2018) employed coupled models based on the Takahashi pressure distribution
method, achieving high precision in surge level predictions along the Ningbo coast [5].
Recently, Xu and Ma incorporated a linear wind drag coefficient Cd in storm surge models
for the Bohai, Yellow, and East Seas, coupling it with astronomical tides. Their approach
yielded superior performance over traditional models, especially during Typhoons 7203
and 7303, highlighting the added precision achieved by integrating nonlinear dynamics
into storm surge predictions [6].

The development of numerical models for typhoon storm surges has predominantly
focused on simulating total water levels, which result from the coupling of tidal forces,
wind stress, and pressure gradients. However, as early as 1978, Prandle identified that
the nonlinear interaction between tides and storm surges introduces significant errors if
treated additively, underscoring the necessity of nonlinear consideration for improved
accuracy [7]. Qin et al. demonstrated that incorporating nonlinear effects into storm surge
models could substantially enhance forecast precision, particularly in reducing water level
prediction errors [8]. Yang et al. (2018) employed the finite element ocean model ADCIRC
to investigate Typhoon Rammasun (No. 1409), delving into critical nonlinear interactions
between tides and surges. Their study highlighted that nonlinear terms such as wind stress,
bottom friction, and convective forces significantly influence surge dynamics, advancing
the predictive capability of numerical models under extreme weather conditions [9].

With advancements in algorithms, research on nonlinear coupling within typhoon
storm surges has progressed from early linear regression approaches to sophisticated
nonlinear and machine learning models. Initial studies often relied on linear regression
to predict storm surge impacts on flow velocity, examining relationships among basic
variables such as wind speed, air pressure, and tides [10]. As more robust models, including
polynomial regression and support vector regression, emerged, they enabled more accurate
simulations of complex relationships between storm surges and flow dynamics. These
nonlinear models incorporate the interactive effects of wind fields, pressure gradients,
and topography [11], allowing researchers to better capture surge–current interactions,
particularly under extreme weather conditions.

This study addresses submarine cable protection by examining extreme flow velocities
induced by typhoons, which can scour the seabed and expose or suspend cables. While
much research on seabed scouring has focused on pipelines—drawing on observational
analysis, physical modeling, and numerical simulations [12–14]—submarine cable studies
have primarily relied on sensor monitoring and physical simulations to assess burial depth
changes and damage severity [15–17]. Few studies, however, approach cable protection
from the perspective of flow velocity dynamics. This study provides a novel framework for
analyzing nonlinear flow velocity dynamics during typhoon-induced storm surges, intro-
ducing the ‘Flow Velocity Nonlinear Coupling Proportion (NCP)’ as a metric to quantify the
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interplay of key factors such as wind stress, convection, and bottom friction. Unlike prior
studies, this research integrates qualitative and quantitative analyses, leveraging regression
models to elucidate the spatial heterogeneity of nonlinear interactions across different
marine regions. These findings not only advance our understanding of typhoon-driven
surge dynamics but also have practical implications for protecting critical infrastructure
like submarine cables.

2. Typhoon Description and Storm Surge Model
2.1. Typhoon 2106 Description

This section first describes the characteristics of Typhoon In-fa (No. 2106) (for con-
sistency, this study will hereafter refer to this event as Typhoon 2106), followed by a
comprehensive overview of the storm surge model used, Delft3D. Detailed explanations
of experimental design and data sources are also provided. Typhoon 2106 originated in
the western Pacific on 18 July 2021, at 2:00 AM (Beijing Time, UTC + 8) at 132.5◦ E, 22.2◦ N.
(All subsequent times are reported in (Beijing Time, UTC + 8) unless otherwise stated.) By
5:00 PM on 21 July, the typhoon had crossed the 24-hour warning line, approaching the
Zhoushan Islands. Typhoon 2106 ultimately made landfall in Zhoushan City, Zhejiang
Province, China at approximately 9:50 AM on July 26 (as shown in Figure 1), before moving
northward and dissipating in the Bohai Bay [18]. According to the China Meteorological
Administration’s final path report, Typhoon 2106 struck Zhoushan with a wind speed of
38 m/s and an atmospheric pressure of 968 hPa, marking it as one of the most intense
typhoons in the region since 1949. This study selected typhoon 2106 as a critical case for
storm surge modeling due to its extreme intensity, with numerical simulations conducted
to capture surge dynamics under the specific wind field conditions of this landmark event.
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Figure 1. Typhoon 2106 track and storm surge model area.

In September 2019, the Yellow River Hydrological Survey and Mapping Bureau con-
ducted detailed hydrological surveys for the Zhoushan Daqu-Shengsi 110 kV transmission
line project, encompassing seven core parameters: tidal levels, tidal currents (velocity
and direction), sediment concentration, suspended sediment, seabed composition, basic
meteorological conditions, and sea state. Based on these measurements, a comprehensive
statistical analysis of hydrological data was performed (Table 1; Figure 2). Subsequent
observations in July 2021 spanned approximately 12 observation periods, conducted mainly
on Sundays, focusing on tidal levels at two fixed stations on Qushan and Sijiao Islands.
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Each observation period lasted for 24 h, starting from midnight, to capture a full tidal
cycle and ensure consistency in data collection. The observations were conducted weekly,
providing a regular and systematic dataset for tidal dynamics analysis. Between July 14 and
24, additional measurements during spring and neap tides were recorded at four stations
(S1, S2, S3, and S4), providing key insights into tidal dynamics in the region.

Table 1. List of hydrographic stations in the test area.

Station
Physical Observatory (WSG-84 Coordinates)

Depth
B L

S1 30◦40′07.76′′ N 122◦19′51.87′′ E 18.7 m
S2 30◦38′48.60′′ N 122◦26′21.40′′ E 58.3 m
S3 30◦33′48.23′′ N 122◦18′16.29′′ E 19.5 m
S4 30◦31′59.36′′ N 122◦24′45.12′′ E 29.2 m

Temporary tide stations 30◦36′30.32′′ N 122◦23′19.17′′ E /
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Figure 2. A schematic diagram of the location of the characterization area and the deployment of the
actual station.

The cable scour protection requires special attention, so four characteristic sea areas
near the Daishan Island are selected: (a)strait, (b) bypassing area, (c) open sea area, and
(d) sheltered area, as shown in Figure 2.

2.2. Storm Surge Model

Delft3D is widely recognized as a robust tool for storm surge investigations, partic-
ularly in complex coastal regions. Its application in simulating Typhoon 2106 conditions
leverages its strength in resolving flow dynamics through depth-averaged equations and
nested grid systems [19,20]. By capturing the distribution and variation in flow veloci-
ties with precision, Delft3D enables a clearer understanding of the interactions between
typhoon-driven wind fields and storm surge coupling.

This study implemented a two-level nested grid approach: a large-scale offshore grid
(26.28◦–34.41◦ N, 119.44◦–125.52◦ E) with a 1500 m resolution and 166,069 grid points,
and a high-resolution small-scale grid (30.38◦–30.80◦ N, 122.20◦–122.60◦ E) with a 100 m
resolution and 170,564 grid points (Figure 1). Using a cold start method, initial water
levels and flow velocities were set to zero. At the open ocean boundary, 13 primary tidal
components were modeled with harmonic constants for tidal accuracy. Eddy viscosity
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coefficients were set to 80 m2/s for the offshore model and 10 m2/s for nearshore conditions,
while Manning roughness coefficients varied between 0.012 and 0.020 mm−1/3·s to reflect
topographical differences.

For bathymetry, the GEBCO global dataset provided 30′′ × 30′′ resolution depth data
(~200 m), interpolated onto a detailed nautical chart. Nearshore, dynamic boundary dry-
wet grid techniques with a 0.02 m threshold were applied, omitting grid points with total
depths below this threshold from calculations as dry grid points.

2.2.1. Governing Differential Equation

The mathematical model for typhoon-induced storm surges is based on the Boussi-
nesq assumption and the incompressible fluid continuity equations under the hydrostatic
pressure assumption for the Navier–Stokes (N-S) equations [21]:

∂ζ

∂t
+

1√
Gyy

√
Gxx

∂
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√
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)
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√
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= 0 (1)

The momentum equations in the x- and y-directions are as follows:
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σ represents the vertical coordinate transformation factor, which is dimensionless and
ranges between 0 and 1, commonly used in sigma-coordinate systems for numerical ocean
modeling. Specifically, σ is defined as σ = z−η

H+η . where z is the vertical position (positive
upward), To clarify, η represents the free surface elevation relative to the reference water
level (mean sea level), and H is the still water depth (total water depth below the reference
level). This nondimensionalization ensures that σ = 0 at the reference water level, σ = −1
at the seabed, and σ = 1 at the free surface. The use of this transformation facilitates
accurate representation of the free surface and bottom boundary layers under varying
bathymetric conditions, as noted in previous studies on sigma-coordinate systems [22,23].

This approach ensures accurate representation of free surface and bottom boundary
layers under varying water depths [20,24,25].
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where ζ on the other hand, represents the total water depth, which includes the reference
depth h and the free surface elevation η.The term ζ in Equation (3) explicitly includes both
the reference water depth h and the dynamic free surface elevation η, as ζ = h + η. This
distinction allows us to decouple the surface elevation dynamics (driven by atmospheric
and tidal forces) from the total depth variation. d is the reference water depth;

√
Gxx and√

Gyy are the coordinate transformation factors; u, v, and w represent the velocities in the x,
y, and z directions, respectively; ρ0 is the density of seawater; g is the gravitational accelera-
tion; U and V are the vertically averaged velocities in the x- and y-directions, respectively;
νV is the vertical eddy viscosity coefficient; Pξ and Pη represent the atmospheric pressure
gradients in the x- and y-directions; f is the Coriolis force coefficient; Fx and Fy are the
Reynolds stress terms; Mx and My are momentum source/sink terms. Equations (1)–(3)
provide the foundational framework based on the Boussinesq and incompressible flow
assumptions, elucidating the physical mechanisms underlying nonlinear coupling effects.
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Although these equations are not directly solved in the numerical model, they are essential
for interpreting the nonlinear interactions in storm surge dynamics.

Given that most existing research focuses on the surge effect of typhoons, this study
uses the surge effect as a reference to analyze the nonlinear interaction of flow velocity.
In the Cartesian coordinate system, the Delft3D model employs depth-integrated two-
dimensional continuity and momentum equations, expressed as follows. To account for
irregular bathymetry and the curvature of the Earth in coastal regions, coordinate transfor-
mation factors (ax and ay) are introduced to adapt the equations for curved grid systems,
enabling the model to simulate hydrodynamic behavior more accurately in complex geome-
tries [19,26]. These factors are particularly important in sigma-coordinate systems where
the vertical coordinate is scaled relative to the free surface and bottom boundaries. By trans-
forming the vertical coordinate into a dimensionless scale (σ) ranging from 0 (at the bottom)
to 1 (at the free surface), the model ensures consistent resolution across varying depths.
This transformation allows the governing equations to better capture flow characteristics
in regions with complex bathymetry, such as steep slopes or shallow coastal zones [24,25].
Equations (4)–(6) are the governing equations implemented in the Delft3D model, which
underpin the numerical simulations conducted in this study.

∂H
∂t

+
∂

∂x
(UH) +

∂

∂y
(VH) = 0 (4)
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Here, H = h + ζ is the total water depth where h is the reference water depth. τsx

and τsy are the surface wind stress components in the x- and y-directions, while τbx and
τby are the bottom friction forces in the x- and y-directions. D represents the horizontal
momentum dissipation term. The wind stress is given by:

→
τs = ρaCd

→
W

√
W2

x + W2
y (7)

where ρa is the air density, taken as 1.205 kg/m3 at 20 ◦C. Wx and Wy are the wind velocity
components in the x and y directions, respectively, and Cd is the drag coefficient of the
wind stress. Typically, it can be expressed as [26]:

Cd = 7.5 × 10−4 + 6.7 × 10−4 ×
√

W2
x + W2

y (8)

Cd generally depends on the Reynolds number and surface roughness. For relatively
smooth surfaces, Cd is usually taken as 0.002, while under typhoon conditions with rougher
surfaces, it may be as high as 0.003. The bottom friction force is given by [27]:

τbx = ρ0C f U

√
U2 + V2

H
, τby = ρ0C f V

√
U2 + V2

H
(9)

The bottom friction coefficient C f is calculated as C f =
g

C2 , where C is the Chezy coeffi-
cient. In this study, C is selected between 55 and 65, with 60 being used for the calculations.

Whether it is bottom friction, wind stress, or the convective term, all are calculated as
vector quantities based on their x- and y-direction components. As outlined in Equations
(7) and (9) and “Section 4.1.3”, these represent the calculation methods for the magnitudes
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of the vector sums of the three nonlinear terms. The overall vector direction is determined
by the distribution of the original x-direction components. If the x-direction component is
positive, the resultant vector sum is positive, indicating an overall vector direction toward
the east; conversely, if the x-direction component is negative, the resultant vector sum is
negative, indicating an overall vector direction toward the west.

2.2.2. Parameterized Typhoon

In typhoon simulations, the choice of typhoon model plays a critical role in deter-
mining the accuracy of the simulation results [28]. Different wind field models exhibit
significant variations in their precision when generating wind speed and pressure fields [29].
This study employs the optimized Sun Zhilin-Zhong Sanhong typhoon model, which intro-
duces a sea surface resistance term into the gradient wind equation for calculating wind
fields. Compared with the Holland model and the Fujita–Takahashi model, this approach
demonstrates a clear advantage in wind speed calculation accuracy [30]. The pressure
Equation (10), wind speed Equation (11), and the maximum wind speed Equation (12) are
presented as follows:

P(r) = Pc + (P∞ − Pc)exp(− R
r
) (10)

Vg(r) =

√
(P∞ − Pc)R

ρar
exp

[
−(

R
r
)

]
+

( f + 3ν/4δ2
a)

2r2

4
− ( f + 3ν/4δ2

a)r
2

(11)

Vmax =

√
(P∞ − Pc)

ρae
+

( f + 3ν/4δ2
a)

2R2

4
( f + 3ν/4δ2

a)R
2

(12)

where P(r) represents the pressure at a distance r from the typhoon center; Pc is the
central pressure of the typhoon, which can be obtained from the China Meteorological
Administration (CMA) best-track dataset; P∞ is the ambient pressure at the outer edge
of the typhoon, typically set to 1013 hPa; R denotes the radius of maximum wind speed
(RMW) of the typhoon; Vg(r) represents the gradient wind speed at a distance r from
the typhoon center, and f is the Coriolis force, calculated as f = 2ωsin∅, where ω is the
Earth’s angular velocity of rotation, with a value of 7.292 × 10−5 s−1, and φ is the latitude.
The dynamic viscosity of air, ν, is given as 15.8 × 10−6 m2/s. By substituting r = R into
Equation (11), the maximum gradient wind speed, Vmax, can be derived, representing the
maximum wind speed of the typhoon. δa is the thickness of the sea surface boundary layer,
typically on the order of 10−1 m, and can be adjusted as needed during calculations.

2.2.3. Astronomical Tide Verification

To minimize the impact of open boundary conditions on the simulation results when
using Delft3D, a 400 × 600 km open boundary area was selected. Only tidal boundary
conditions and constants were applied at the open boundary to obtain the simulation
results for pure astronomical tide levels. As mentioned earlier, in September 2019, tidal
level data from a temporary tidal station and flow velocity and direction data from four
current measurement points (S1, S2, S3, and S4) were collected. The measured data were
used to validate the accuracy of the astronomical tide model. The validation period for
spring tide was from 10:00 PM on the 14th to 11:00 PM on the 15th, and for neap tide, it
was from 2:00 PM on the 23rd to 3:00 PM on the 24th. As shown in Figure 3, 91.44% of the
simulated tidal level data points had an error within 10 cm compared with the measured
data. The validation results for flow velocity and direction, as seen in Figures 3 and 4, show
that 80.3% of the flow velocity data points had a relative error of less than 10%, indicating a
high degree of accuracy in the astronomical tide simulation.
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2.2.4. Typhoon Storm Surge Verification

Following a similar validation approach as used for astronomical tides, storm surge
validation in Delft3D employed the same large open boundary area. Using path data
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from Typhoon 2106, boundary conditions for air pressure and wind fields were established
to isolate sea-surface levels driven solely by storm surge effects. Numerical simulations
incorporating both astronomical tides and Typhoon 2106 as driving forces spanned from
01:00 on 21 July to 00:00 on 27 July 2021. The model’s predictive accuracy was assessed using
the technical score index S, ranging from 0 to 1, with values closer to 1 indicating greater
accuracy. Additionally, the coefficient of determination (R2) quantified the correlation
between predicted and observed data, with values closer to 1 indicating stronger predictive
alignment. Both S and R2 metrics underpinned the model’s validation, ensuring consistency
between simulated and actual storm surge-induced water levels [26,31].

S = 1 − ∑N
i=1

(
si − oi)

2

∑N
i=1(|si − o|+ |oi − o|)2

(13)

R2 = 1 − ∑N
i=1(si − oi)

2

∑N
i=1(si − si)2

(14)

where oi and si represent the observed and simulated values at time point i, respectively,
while oi and si denote the averages of the observed and simulated values. During the
typhoon, this study validated the storm surge tidal levels using measured sea-surface data
from two fixed hydrological stations, Qushan and Sijiao. The validation results are shown
in Figure 5a,b. At the Qushan station, 80.2% of the data points had an absolute error of
less than 30 cm, with an average error of 17 cm. During the simulations, oscillations with
a periodicity of approximately 12 h were observed, which might correspond to the M2
tidal component or twice the inertial period. To ensure these oscillations were not artifacts
of insufficient spin-up time, we extended the spin-up period to 72 h, as recommended
by Prandle [7] and Gopalakrishnan [32]. Additional sensitivity tests confirmed that these
oscillations are inherent to the coupled tide-typhoon forcing and do not arise from transient
effects or numerical instabilities. Specifically, the M2 tidal component’s influence was vali-
dated using the harmonic analysis method described in Pawlowicz [33]. The technical score
S was 0.991, and the coefficient of determination R2 was 0.96. At the Sijiao station, 86.3% of
the data points had an absolute error of less than 30 cm, with an average error of 13 cm.
The technical score S was 0.99, and the R2 value was 0.97. Overall, the Sun Zhilin-Zhong
Sanhong storm surge model performed well in simulating storm surge sea-surface levels.
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2.3. Regression Model

The methods employed in this study include multiple regression models to analyze
nonlinear interaction effects of storm surge flow velocities. These methods focus on identi-
fying the influence of bottom friction, wind stress, and the convective term on the nonlinear
coupling proportion (NCP) (NCR =

(
Uw+UA−Uc

Uc

)
× 100%, NCP quantifies the degree of
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nonlinear interaction in flow velocity where values closer to 0 indicate higher linearity
and larger values reflect stronger nonlinear coupling effects.) The analysis framework
includes linear regression, ridge regression, lasso regression, elastic net regression, decision
tree regression, random forest regression, and support vector regression (SVR), with each
method applied to four characteristic regions.

Building on existing studies of surge-related hazards, this research investigates how
three nonlinear factors—bottom friction, wind stress, and the convective term—affect the
interaction of flow velocity in typhoon storm surges. While previous studies have largely
focused on qualitative analysis, the quantitative relationship between these nonlinear fac-
tors and their contributions to flow velocity dynamics remains underexplored. Regression
analysis provides a robust framework for examining interdependencies among multidimen-
sional physical factors and their collective impact on response variables [34], with options
ranging from linear regression [35] to multicollinearity and regularization techniques, as
well as extended nonlinear models.

Although various methods, such as clustering, neural networks, principal component
analysis (PCA), and factor analysis, exist for analyzing multidimensional relationships [36],
regression analysis offers particular advantages for storm surge studies. Its explanatory
strength and scalability make it well-suited to examining the complex coupling effects of
typhoon surge flow velocities.

In this study, seven regression models were developed: linear regression, ridge re-
gression [37], lasso regression [38], elastic net regression [39], decision tree regression [40],
random forest regression [41], and support vector regression (SVR) [42]. Each model
was applied across four regions to determine the most effective approach for quantifying
relationships between the three nonlinear factors—bottom friction, wind stress, and the
convective term—and the degree of flow velocity nonlinear coupling. The regression
analyses quantitatively attribute the observed nonlinear coupling proportions (NCP) to
the contributions of wind stress, convection, and bottom friction. Wind stress emerged
as the dominant forcing factor in the open sea and sheltered regions, contributing up
to 48.28% and 39% of NCP, respectively, consistent with emphasizing its role in driving
flow dynamics during extreme weather events. In contrast, the convective term was the
primary driver in strait and bypassing regions, contributing 40–44% of NCP. The observed
spatial heterogeneity underscores the importance of considering regional characteristics
in attributing nonlinear forcing effects. Although the regression models provide robust
insights into the relative contributions of these factors, their quantitative predictions should
be interpreted within the context of the dataset and model assumptions.

2.3.1. Linear Regression

Linear regression assumes a direct relationship between independent variables (bot-
tom friction, wind stress, and the convective term) and the dependent variable NCP (NCP
quantifies flow velocity coupling; values near 0 indicate linearity and larger values reflect
nonlinearity). Ridge regression and lasso regression introduce regularization to handle
multicollinearity, while elastic net regression combines both L1 and L2 penalties to enhance
model performance. This method minimizes the residual sum of squares between the
observed and predicted values. However, it does not inherently handle multicollinearity
among predictors, which can lead to unstable estimates and inflated variances of coeffi-
cients. In storm surge studies, linear regression serves as a baseline method to capture
straightforward relationships among bottom friction, wind stress, and convective terms.

y = β0 + β1x1 + β2x2 + β3x3 + ϵ (15)
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where y is the dependent variable representing the degree of flow velocity nonlinearity
coupling, and x1, x2, x3 are the independent variables representing bottom friction, wind
stress, and the convective term, respectively. β0 is the intercept, and β1, β2, β3 are the
coefficients for each independent variable, indicating the extent to which x influences y.
ϵ is the error term accounting for any discrepancies not explained by the model.

2.3.2. Ridge Regression

Ridge regression improves upon standard ordinary least squares regression by adding
an L2 regularization term to the loss function, which enhances model stability, especially
when multicollinearity exists among predictors. The goal is to minimize both the residual
sum of squares and the squared magnitude of the regression coefficients, thereby preventing
overfitting, particularly in cases where predictors are highly correlated. Ridge regression
uses L2 regularization to constrain the magnitude of regression coefficients but does not
shrink any coefficients to zero. Therefore, unlike lasso regression, ridge regression cannot
simplify the model by sparsifying the coefficients; instead, it retains all features [43].
Nonetheless, ridge regression has significant advantages in addressing multicollinearity
and enhancing predictive stability, particularly in cases where there are many features but
their correlations with the response variable are low.

This can be further illustrated through the following mathematical expression: When
minimizing the loss function in ridge regression,

L(β) = ∥y − Xβ∥2 + λ∥β∥2 (16)

the regularization term λ∥β∥2 constrains the absolute size of the coefficients but does not
drive any β to zero. This contrasts with the L1 regularization used in lasso regression:

L(β) = ∥y − Xβ∥2 + λ∥β∥1 (17)

where L1 regularization simplifies the model by sparsifying the coefficients (shrinking
some coefficients to exactly zero). Consequently, ridge regression is more advantageous
when the emphasis is on predictive accuracy rather than model simplification [40].

Ridge regression “shrinks” the regression coefficients β by adding a penalty to their
magnitude, especially in the presence of highly correlated predictors. By carefully selecting
λ, we can balance model complexity and predictive performance.

In ridge regression, “model complexity” primarily refers to the magnitude of the
coefficients β, which reflects the model’s capacity to fit the data. Unlike lasso regression,
ridge regression (L2 regularization) does not set coefficients β to zero but, instead, shrinks
them toward smaller values. This reduces the model’s sensitivity to noise and collinearity
without explicitly eliminating predictors, leading to a more stable solution [40]. While
the flexibility of the model decreases as the regularization parameter λ increases, the
total number of non-zero coefficients remains unchanged, implying that ridge regression
controls complexity by regularizing the size of the coefficients rather than performing
variable selection. Thus, the balance between model variance and bias is achieved through
λ as it reduces overfitting without directly reducing the dimensionality of the model.

2.3.3. Lasso Regression

Lasso regression adds an L1 regularization term, addressing multicollinearity while
also performing feature selection. By penalizing the absolute values of the coefficients,
lasso can shrink the coefficients of less important features toward zero, but never exactly
to zero, thus simplifying the model. By adjusting the value of λ, the model’s sparsity and
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complexity can be controlled. Unlike ridge regression, lasso regression adds a L1-norm
penalty to the loss function:

L1 = argmin
β

∥y − Xβ∥2 + λ∥β∥2 (18)

The L1-norm penalty enables feature selection by shrinking some coefficients ex-
actly to zero, thus simplifying the model. This is particularly useful when dealing
with high-dimensional data or when only a subset of predictors significantly affects the
dependent variable.

Lasso regression is particularly advantageous in identifying key factors, such as
the dominant influence of wind stress or convective terms on NCP in different regions.
However, it may struggle in cases where predictors exhibit high multicollinearity as the
selection of one variable may exclude others with similar effects.

2.3.4. Elastic Net Regression

Elastic net regression combines the strengths of both lasso and ridge regression by
incorporating both L1 and L2 regularization terms into the loss function. This approach
allows for effective feature selection, like lasso, while also handling multicollinearity, like
ridge regression.

β̂ = argmin
β

∥y − Xβ∥2 + aλ∥β∥1 + (1 − a)λ∥β∥2 (19)

∥β∥1 = ∑
p
j=1

∣∣β j
∣∣ represents the L1 norm, ∥β∥2

2 = ∑
p
j=1

∣∣β j
∣∣2

j represents the squared
L2 norm, and λ1, λ2 ≥ 0 act as hyperparameters controlling the strength of the L1 (lasso)
and L2 (ridge) regularization, respectively. a determines the relative weight of L1 and L2
penalties. When a = 0.5, elastic net balances the strengths of ridge and lasso, making it
ideal for datasets with correlated predictors and sparse signals.

In elastic net regression, the parameters λ1 and λ2 represent the relative weights of the
L1 and L2 regularization terms, respectively. These parameters are typically chosen through
cross-validation to optimize the model’s predictive performance while balancing sparsity
and multicollinearity. Specifically, λ1 controls the extent of feature selection, shrinking
some coefficients to exactly zero, while λ2 adjusts the degree of coefficient regularization
to mitigate multicollinearity. The interplay between these parameters enables elastic net
to handle datasets with high-dimensional features and correlated predictors effectively.
This flexibility is particularly beneficial for disentangling the combined effects of wind
stress and convective terms in this study where predictors exhibit moderate collinear-
ity. Common approaches for determining λ1 and λ2 include grid search or randomized
search strategies [43].

Elastic net is particularly effective in this study for disentangling the combined effects
of wind stress and convective terms, which often exhibit moderate multicollinearity. Its
flexibility allows it to simultaneously handle sparsity and model complexity.

2.3.5. Decision Tree Regression

Decision tree regression is a nonparametric approach capable of capturing complex
nonlinear patterns in data by iteratively partitioning the dataset into smaller subsets. This
process is guided by minimizing the variance of the target variable within each subset,
thereby identifying patterns that are difficult to capture using linear models. Random
forest regression builds upon this by using ensemble learning to improve stability and
prediction accuracy, while support vector regression (SVR), employing a Gaussian radial
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basis function kernel, provides robust performance for small sample sizes by balancing
model complexity and fitting accuracy.

In decision tree regression, the relationship between input variables (X) and the output
variable (Y) is established by recursively splitting the data into subsets, with each split
determined by a specific feature and threshold value that minimizes a predefined criterion,
such as the mean squared error (MSE). For a given node m, which represents a subset of
the dataset, the MSE is defined as:

MSEm =
1

Nm
∑i∈Nm

(yi − ym)
2 (20)

Here, Nm denotes the number of samples in node; m, yi represents the target value for
sample; and i, and ym is the average value of the target variable within node m. However,
Equation (20) only quantifies the variance within a single node. The regression relationship
between the input variables and the target variable is defined by minimizing the weighted
MSE of the child nodes resulting from each split. The splitting criterion can be expressed as
minj,t[

nle f t
nm

·MSEle f t(t) +
nright

nm
·MSEright(t)]. Here, j is index of the feature used for splitting;

t is threshold value for splitting; nle f t and nright are the number of samples in the left and
right child nodes, respectively; MSEle f t and MSEright are mean squared errors for the left
and right child nodes.

The splitting process continues recursively until one of the stopping criteria is met:
(1) the tree reaches a predefined maximum depth; (2) the number of samples in a node falls
below a minimum threshold; or (3) further splitting does not significantly reduce the MSE.

Each “node” in a decision tree serves a specific purpose: intermediate nodes are
decision points where the dataset is split based on a feature and threshold; leaf nodes are
terminal nodes that represent the final predictions of the model, and the prediction for a
leaf node is the average of the target values (ym) for all samples within the node.

The depth of a node refers to its hierarchical level in the tree. Deeper nodes typically
correspond to smaller, more specific subsets of the data, leading to more refined predictions.
For a new observation Xnew, the tree traverses from the root node through the intermediate
nodes based on the splitting rules until it reaches a leaf node. The output prediction is the
mean target value of the leaf node: ŷ = ym, where Xnew ∈ lea f m.

Decision tree regression provides a flexible and interpretable approach for modeling
nonlinear relationships between input variables and a target variable. The splitting process
ensures that each resulting subset minimizes the internal variance, thereby capturing the
underlying structure of the data.

2.3.6. Random Forest Regression

Random forest regression generally improves prediction performance and stability
by constructing multiple decision trees and averaging their results. However, as observed
in Figure 13, its performance in regions such as “Strait” and “Sheltered Area” exhibits
limitations, likely due to a combination of feature sparsity and high noise in these spe-
cific datasets. This behavior highlights the sensitivity of the model to data quality and
distribution in localized regions, which warrants further investigation. Given B trees, the
prediction result for a new observation is computed as:

ŷ =
1
B∑B

b=1 ŷ(b) (21)

where ŷ(b) is the prediction from the b-th decision tree.
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2.3.7. Support Vector Regression

Support vector regression (SVR) is a method for analyzing nonlinear relationships in
datasets, particularly when the sample size is small. It seeks to find an optimal balance
between model complexity and prediction accuracy. The approach involves minimizing a
loss function while maintaining the model’s capacity to generalize beyond the training data.

Loss Function and Optimization: The loss function in SVR is designed to minimize
the prediction error while incorporating a margin of tolerance ϵ. For a given dataset
{(xi, yi)}N

i=1, the optimization objective is expressed as:

L(w, b) =
1
2
∥w∥2 + C∑n

i=1(ξi + ξ∗i ) (22)

where w is the weight vector, b is the bias term, ξi and ξ∗i are slack variables accounting
for deviations beyond the ϵ-margin, and C is a regularization parameter controlling the
trade-off between the model complexity and tolerance to errors.

The constraints for the optimization problem are given as:
yi − (w·∅(xi) + b ≤ ϵ+ ξi

(w·∅(xi) + b)− yi ≤ ϵ+ ξ*
i

ξi, ξ∗i ≥ 0, ∀i
(23)

where ∅(xi) is a nonlinear mapping of the input vector xi into a higher-dimensional
feature space.

Dual Formulation and Solution: Using the Lagrangian dual formulation, the prob-
lem can be re-expressed in terms of Lagrange multipliers ai and a∗i . The dual objective
function becomes:

f (ai, a∗i ) = ∑I
i=1

(
ai − a*

i

)
yi −

1
2∑N

i=1 ∑N
i=1

(
ai − a*

i

)(
aj − a∗j

)
k
(
xi, xj

)
(24)

where k
(

xi, xj
)
= ∅(xi)·∅

(
xj
)

is the kernel function. The Lagrange multipliers must satisfy
the following constraints: ∑I

i=1
(
ai − a*

i
)
= 0, 0 ≤ ai, a*

i ≤ C, ∀i.
Prediction and Kernel Function: After solving for ai and a∗i , the predicted output for a

new input x is calculated as:

k
(
xi, xj

)
= exp(−

∥∥xi − xj
∥∥2

2σ2 ) (25)

where σ is the kernel width parameter.
Relationship Between Equations (24) and Optimization: Equation (24) represents the

dual form of the optimization problem where the solution relies on maximizing the function
f (a i, a∗i

)
with respect to the Lagrange multipliers. This formulation directly influences

the coefficients w and b in Equation (25). Thus, minimizing the primal loss function (22)
and solving the dual problem (24) are mathematically equivalent processes, ensuring
consistency between the optimization objectives.

By integrating these formulations, SVR effectively balances prediction accuracy and
model robustness, making it well-suited for analyzing nonlinear coupling effects in storm
surge flow velocities.

3. Methods
3.1. Flow Velocity Simulation Under Different Conditions

This section simulates the flow velocity fields resulting purely from astronomical tides
and storm surges, exploring the variations in vertically averaged flow velocity data in the
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study area during Typhoon 2106. These simulations provide the preliminary conditions for
analyzing the nonlinear interactions between astronomical tides and storm surges. Typhoon
2106 made landfall on Zhoushan Island at approximately 9:50 a.m. on July 26, having
reached the boundary of the study area around 4:00 PM on July 25. Four characteristic
locations near Daishan Island were selected for the study: the strait (a), bypassing area (b),
open sea area (c), and sheltered area (d), as shown in Figure 2.

The simulation covers a 72 h period from 00:00 on July 24 to 00:00 on July 27. Since
the model uses a cold start, the simulation data begin at 00:00 on July 24. The Delft3D
model outputs primarily include ocean currents (flow velocity) represented by x- and
y-directional components. Additionally, atmospheric pressure and wind speed are critical
input parameters that influence the simulation. These are provided in the Supplementary
Materials (Figure S1a,b). To obtain the true simulation values, the vector sum of these
components is calculated, as shown in Figure 6. The details of x- and y-directional flow
velocity components can be found in the Supplementary Materials (Figure S1a,b).
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After vector summation of the flow velocities, under the influence of the pure storm
surge, the flow velocity in the strait region remained relatively stable between 0 and
0.7 m/s before 5:00 a.m. on July 25. Following the typhoon’s landfall, the velocity reached
its peak at −0.96 m/s around 5:00 a.m. on July 27. The term “error” refers to the difference
between the simulated and measured velocities at locations (a) to (d), which are derived
from hydrodynamic observations during Typhoon 2106. While the specific measurements
are not graphically displayed here, they were used to validate the model outputs. This
change can be attributed to the local acceleration effect caused by the strait’s topography.

In the bypassing area, the flow velocity primarily moved westward, exhibiting the
widest fluctuation range, from −1.62 to 0.45 m/s. This indicates that the region was
significantly affected by the typhoon. The relatively open waters and shallow depth of
this area, with an average depth of 14.7 m, result in trends similar to those observed in the
open sea region. In the open sea area, the flow velocity predominantly moved westward,
but with smaller fluctuations. The root-mean-square error (RMSE) was 0.90, and the mean
absolute error (MAE) was 0.80, indicating that the typhoon had a relatively balanced impact
on this region, leading to more stable changes in flow velocity. The sheltered area displayed
the most distinctive vector flow velocity characteristics. Before July 25, the flow velocity
exhibited a quasi-periodic pattern, which may be associated with tidal effects due to its
alignment with the diurnal tidal cycle in the region. This periodicity is approximately
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twice the inertial frequency, potentially generated by the superposition of tidal forces
and localized wind-driven oscillations, as suggested by observations in shallow, sheltered
regions during typhoon events [44]. After July 25, the peak velocity ranged between
0.5 and 1.0 m/s, while still maintaining some quasi-periodic features.

Under the influence of purely astronomical tides, the flow velocity characteristics in
the four regions (Figure 7) exhibited distinct differences. The strait, acting as a “corridor”
of seawater with an average depth of 15.7 m, experienced significant fluctuations in flow
velocity, ranging from −2.02 to 1.99 m/s. This was the largest amplitude observed among
the four regions, reflecting the amplifying effect of the strait’s topography. In contrast,
the bypassing area and the open sea region displayed relatively steady flow velocity
changes, with extremes only ranging from −1.67 to 0.81 m/s. The lower fluctuation in flow
velocity in these areas indicates more stable tidal conditions. The presence of islands in the
bypassing area likely dampened the tidal energy, while in the open sea, the dispersal of tidal
energy contributed to the more moderate flow velocity variations. The sheltered area also
exhibited notable flow velocities, possibly due to the protective effect of the surrounding
topography, which could induce local recirculation and surges in tidal currents.
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3.2. Flow Velocity Field Under Coupled Effects

The previous sections analyzed the flow velocity under pure storm surge and pure
astronomical tide conditions across the four characteristic regions. It was observed that the
impact of the typhoon on the flow velocity field is more complex and intense, while the
astronomical tide exhibited periodic, oscillatory changes. For Typhoon No. 2106, it was
found that the sum of the flow velocities from the pure storm surge and pure astronomical
tide does not equal the flow velocity under the combined influence of the storm surge and
astronomical tide, revealing the nonlinear nature of these interactions. In this section, the
flow velocity from the pure storm surge Uw is added to that from the pure astronomical
tide UA, and the result is subtracted from the flow velocity under coupled conditions Uc,
yielding the nonlinear flow velocity difference ∆U, as shown in Figure 8. If the flow velocity
difference ∆U approaches zero, it indicates that the storm surge and astronomical tide
velocities exhibit near-linear coupling where the flow velocity system behaves as a simple
additive effect of each component. However, the further ∆U deviates from zero, the more
pronounced the nonlinear coupling becomes, indicating complex interactions occurring
between the various flow velocities within the fluid system.



J. Mar. Sci. Eng. 2025, 13, 5 17 of 34
J. Mar. Sci. Eng. 2025, 13, x FOR PEER REVIEW 17 of 34 
 

 

 
 

Figure 8. Nonlinear flow velocity differences (∆𝑈) across four characteristic regions during Typhoon 

2106. 

The nonlinear flow velocity difference ∆𝑈 across the four regions exhibits significant 
variations. In the strait, the nonlinear flow velocity difference is the most pronounced 
among the four regions. Before 19:00 on July 25 (prior to the typhoon’s landfall), the flow 
velocity difference remained relatively stable at around 0.69 m/s. When compared with 
the coupled flow velocity, this period can be described as the “nonlinear weakening 
phase” where the sum of the pure storm surge and pure astronomical tide velocities is 
greater than the velocity under the coupled conditions. In contrast, after 19:00 on July 25, 
the period can be termed the “nonlinear increasing phase” as the narrow channel causes 
more intense coupling between the tidal forces and wind stress. The more concentrated 
the wind stress, the more likely a “nonlinear increase effect” will occur. Similarly, the by-
passing area shows smaller fluctuations in the flow velocity difference compared with the 
strait. Its wider expanse makes it more likely to exhibit the “nonlinear increasing effect” 
but with less intensity than in the strait. This is because a broader sea surface can accom-
modate larger water masses and facilitate the lateral dispersion of flow energy. The Ek-
man spiral theory supports this as wind stress over an expansive sea surface induces Ek-
man transport, creating stronger surface currents that amplify the interaction with sub-
surface currents. As a result, the convective term becomes more pronounced, intensifying 
the nonlinear coupling effect [45]. The interaction between wind-driven currents and 
topographical resistance in broader sea areas also contributes to the amplification of non-
linear effects [46]. In the open sea area, the flow velocity difference ∆𝑈 exhibits a negative 
peak of approximately −1.37 m/s around 14:00 on July 26, representing the largest devia-
tion observed during the typhoon event. This peak reflects a pronounced nonlinear inter-
action likely driven by the combined effects of wind stress and the convective term, which 
amplifies flow divergence under specific conditions. Beyond this peak, the ∆𝑈 fluctuates 
within a range of 0 to 1 m/s, indicating moderate variability rather than true stability, as 
the flow field responds to dynamic forcing mechanisms such as the periodic alternation 
of storm surge and tidal contributions. This region is the most likely to exhibit “linear 
coupling” among the four regions, possibly because the storm surge’s driving force is in-
sufficient to generate a widespread nonlinear increase effect in the open sea. The sheltered 
area displays a distinct 12 h cycle, with the average positive and negative peak values of 
the flow velocity difference at 0.80 m/s and −0.77 m/s, respectively. This periodicity may 
be related to the region’s uniquely shallow topography, which amplifies tidal resonance 
and enhances periodic variations in flow velocity due to the interaction of incoming and 
reflected tidal waves. Studies [47,48] have shown that shallow water regions often exhibit 
strong resonance effects when the local water depth and topographical constraints align 
with the natural period of tidal forcing, leading to quasi-periodic flow velocity patterns. 

Figure 8. Nonlinear flow velocity differences (∆U) across four characteristic regions during
Typhoon 2106.

The data presented in Figures 7 and 8 depict the magnitude of velocity (speed),
calculated as the vector sum of the x- and y-directional components of flow velocity.
Directional information, while essential in vector representation, is omitted from the plots
for clarity and to focus on the magnitude variations across the studied regions. This
approach aligns with prior studies that emphasize the scalar characteristics of flow velocities
in regional analysis under complex dynamic conditions. The methodology for calculating

the magnitude is consistent with Equation (6) where the total velocity U =
√

u2
x + u2

y and
where Ux and Uy represent the velocity components in the x- and y-directions, respectively.

The nonlinear flow velocity difference ∆U across the four regions exhibits significant
variations. In the strait, the nonlinear flow velocity difference is the most pronounced
among the four regions. Before 19:00 on July 25 (prior to the typhoon’s landfall), the flow
velocity difference remained relatively stable at around 0.69 m/s. When compared with
the coupled flow velocity, this period can be described as the “nonlinear weakening phase”
where the sum of the pure storm surge and pure astronomical tide velocities is greater
than the velocity under the coupled conditions. In contrast, after 19:00 on July 25, the
period can be termed the “nonlinear increasing phase” as the narrow channel causes more
intense coupling between the tidal forces and wind stress. The more concentrated the wind
stress, the more likely a “nonlinear increase effect” will occur. Similarly, the bypassing area
shows smaller fluctuations in the flow velocity difference compared with the strait. Its
wider expanse makes it more likely to exhibit the “nonlinear increasing effect” but with
less intensity than in the strait. This is because a broader sea surface can accommodate
larger water masses and facilitate the lateral dispersion of flow energy. The Ekman spiral
theory supports this as wind stress over an expansive sea surface induces Ekman transport,
creating stronger surface currents that amplify the interaction with subsurface currents. As
a result, the convective term becomes more pronounced, intensifying the nonlinear coupling
effect [45]. The interaction between wind-driven currents and topographical resistance
in broader sea areas also contributes to the amplification of nonlinear effects [46]. In the
open sea area, the flow velocity difference ∆U exhibits a negative peak of approximately
−1.37 m/s around 14:00 on July 26, representing the largest deviation observed during
the typhoon event. This peak reflects a pronounced nonlinear interaction likely driven
by the combined effects of wind stress and the convective term, which amplifies flow
divergence under specific conditions. Beyond this peak, the ∆U fluctuates within a range
of 0 to 1 m/s, indicating moderate variability rather than true stability, as the flow field
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responds to dynamic forcing mechanisms such as the periodic alternation of storm surge
and tidal contributions. This region is the most likely to exhibit “linear coupling” among
the four regions, possibly because the storm surge’s driving force is insufficient to generate
a widespread nonlinear increase effect in the open sea. The sheltered area displays a distinct
12 h cycle, with the average positive and negative peak values of the flow velocity difference
at 0.80 m/s and −0.77 m/s, respectively. This periodicity may be related to the region’s
uniquely shallow topography, which amplifies tidal resonance and enhances periodic
variations in flow velocity due to the interaction of incoming and reflected tidal waves.
Studies [47,48] have shown that shallow water regions often exhibit strong resonance effects
when the local water depth and topographical constraints align with the natural period of
tidal forcing, leading to quasi-periodic flow velocity patterns. Overall, the sheltered area is
characterized by a predominant “nonlinear weakening” effect.

4. Analysis and Discussion of Nonlinear Terms
4.1. Nonlinear Terms

The interactions driving typhoon storm surges are inherently nonlinear. A simple
linear summation of the components would lead to significant errors in the simulation
results. This occurs primarily because the flow directions of astronomical tides and storm
surges can influence the additive effect. When the phases of the two align, the maximum
flow velocity effect may be observed; conversely, when their flow directions oppose each
other, they may cancel each other out. Wind fields, as the driving force behind storm surges,
directly affect the development of storm surge systems. According to the depth-integrated
Equations (5) and (6), bottom friction is particularly significant in shallow water regions.
As the flow velocity increases, bottom friction increases quadratically, following the well-
established drag laws for turbulent flows in shallow water systems [9]. Additionally,
the convective term can alter both the direction and the speed of the water flow, further
amplifying the system’s nonlinear coupling effects. Drawing on common studies of the
surge-related hazards caused by typhoon storm surges, this paper analyzes the nonlinear
coupling effects of astronomical tides and typhoons based on three major coupling terms
in the equations: wind stress, bottom friction, and the convective term.

4.1.1. Bottom Friction

The interaction between wind stress and bottom friction determines the propaga-
tion speed and attenuation of storm surges. The calculation of bottom friction typi-
cally uses a modified quadratic drag law, given by the formulas as τbx = ρ0C f U

√
U2+V2

H ,

τby = ρ0C f V
√

U2+V2

H . The flow velocities can be computed using Delft3D, and the bot-
tom friction coefficient C f can be obtained from Equation (9). The vector bottom friction
forces for the four regions are calculated under the conditions of pure storm surge, pure
astronomical tide, and the coupled effects of typhoon storm surges, as shown in Figure 9.

As observed in Figure 9, the strait region clearly reflects the dominant influence
of astronomical tides on bottom friction. Before the landfall of the typhoon on July 25,
the bottom friction under pure astronomical tide conditions can be used as a “baseline.”
During this period, the bottom friction due to astronomical tides is only slightly lower
than the coupled bottom friction at extreme values, with an average difference of just
0.09 × 10−4 m/s2. The bottom friction is hardly affected by the pure typhoon field. After
July 25, the average difference between the extreme values of the pure astronomical tide
and coupled bottom friction increases to 0.47 × 10−4 m/s2. This indicates that the bottom
friction in the strait is more sensitive to the influence of astronomical tides than to the
typhoon field, with the narrow topography amplifying the interaction between wind stress
and tidal forces.
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In the bypassing area, the coupled bottom friction exhibits significant changes com-
pared with the bottom friction under astronomical tides. After the typhoon’s landfall, the
westward extreme value difference reaches 0.69 × 10−4 m/s2. Although the water depth in
the bypassing area is similar to that of the strait, the water surface is much wider, indicating
that the sea surface width is more sensitive to the effects of the typhoon field. “Width”
refers to the unobstructed surface area of water above sea level, which varies depending on
the presence of islands, channels, and other topographical features.

In the open sea area, which is much broader and more than three times deeper than the
other regions, all three types of bottom friction fall within a very narrow range of −0.25 to
0.09 × 10−4 m/s2. This represents the smallest bottom friction among the four regions. It
can be inferred that compared with sea surface width, water depth has a more dominant
influence on bottom friction—the deeper the water, the smaller the bottom friction.

In the sheltered area, before the typhoon’s landfall on July 25, the extreme values
of bottom friction under astronomical tides and the coupled conditions differed by over
34.6%. After the typhoon made landfall, the coupled bottom friction tended to stabilize.
Due to the shallow depth of only 5.8 m in this area, the influence of the typhoon field on
bottom friction was more pronounced, making the region more sensitive to the effects of
the typhoon.

The weaker influence of bottom friction in deeper waters, as observed in this study,
echoes the conclusions of Pugh [27] who noted that bottom friction diminishes with in-
creasing water depth.

4.1.2. Wind Stress

In the coupling of typhoon storm surges, the size and extent of the storm surge
are directly related to the intensity of the wind field, its duration, and the typhoon’s
path. The typhoon wind field exhibits uneven spatial distribution, with wind direction
serving as the core driving force for storm surge propagation, while wind speed affects
the height and energy of the storm surge. The region near the typhoon’s center, where
the maximum wind speed occurs, typically generates the largest storm surge. According
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to Equation (7), the wind stress components are expressed as: τsx = ρaCdWx

√
W2

x + W2
y ,

τsy = ρaCdWy

√
W2

x + W2
y .

Since the pure storm surge data in this study are entirely derived from Typhoon 2106
(No. 2106) and the pure astronomical tide model does not incorporate any wind calculations
while the wind component under coupled conditions still comes from the storm surge data
of Typhoon 2106, this section directly compares the wind stress magnitudes across the four
regions. The results are shown in the wind stress time series in Figure 10.
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Among the four characteristic regions, the open sea area, with no obstructions and
relatively greater average water depth, is the only region where the wind stress began to
shift westward around 20:00 on July 25, just before the typhoon made landfall. Throughout
the event, the wind stress generally exhibited a trend opposite to the typhoon’s wind
direction, blowing eastward. This could be due to the strong winds directly impacting
the sea surface without being blocked or guided by coastal topography. Additionally, the
phenomenon of a leading front may have occurred, where the wind direction shifts before
the typhoon’s center arrives. In contrast, the strait, bypassing area, and sheltered area, being
closer to land, displayed wind stress values that were very similar, with fluctuations ranging
only between −2.26 to 1.50 × 10−4 m/s2. These regions were more heavily influenced by
terrain, which both blocked and guided the wind, resulting in wind stress that aligned
with the typhoon’s wind direction as the storm approached. It is important to note that the
opposite wind stress in the open sea area does not mean the wind stress was the strongest;
the magnitude still depends on the absolute value of the extremes.

The dominance of wind stress in open sea regions is consistent with the find-
ings of Large [46] who demonstrated the critical role of wind-driven forces in open
ocean dynamics.

4.1.3. Convective Term

The convective term is an important term that describes the transport of mass, mo-
mentum, and energy with the movement of fluid. It usually appears in the momentum
equation and is expressed as a nonlinear combination of velocity vectors. The wind field
driven by typhoon storm surges increases the flow velocity, making the nonlinear effects
of the convective term more pronounced, potentially leading to distortions in the flow
velocity field and changes in water levels. In the two-dimensional horizontal momentum
equation, the convective terms can be expressed as: Ax = (U·∇)U = U ∂

∂x U + V ∂
∂y U and

Ay = (V·∇)V = U ∂
∂x V + V ∂

∂y V. The convective term is uniformly represented as (U·∇)

where U = (U, V). In Cartesian coordinates, this expands to U∂/∂x + V∂/∂y, ensuring
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consistency in notation across all expressions. This approach aligns with the formulation
used in numerical simulations and fluid dynamics research where U and V are the respec-
tive velocity components in the x- and y-directions, and ∇ represents the gradient operator
applied to scalar or vector fields.

The convective term in the strait exhibits the most dramatic variations under different
conditions (Figure 11). Specifically, during the coupling of typhoon storm surges, the
strait shows the largest fluctuation range among the four regions throughout the typhoon,
ranging from −2.94 to 1.40 × 10−4 m/s2. Given the relatively shallow average depth and
the concentrated water flow in this area, the increase in flow velocity directly amplifies
the convective effects. The bypassing area experiences moderate fluctuations due to the
interaction of flow velocity and water depth, with turbulence and shear forces shaping
convective dynamics under coupled conditions. While the width of the bypassing area is
relatively fixed by the presence of islands and other geographical constraints, its effective
hydraulic width can vary with changes in flow velocity and topographical interactions.
This implies that critical thresholds for the convective term are more closely related to local
flow conditions and turbulence rather than the geometric width itself. Furthermore, greater
water depth does not necessarily result in a larger convective term, as shown in similar
studies of confined flows [44,45].
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(a) Strait; (b) Bypassing area; (c) Open sea area; (d) Sheltered area.

In the open sea area, the impact under coupled conditions is relatively small. Only
after the typhoon made landfall on July 26 did a notable westward convective term of
−1.37 × 10−4 m/s2 appear; at other times, the convective term remained almost stable
around 0 m/s2, indicating a relatively uniform flow, with limited diffusion due to the small
convective term, which may indirectly contribute to steady flow conditions in specific
scenarios. Compared with the bypassing area, which is also relatively open, it can be
inferred that there is a critical threshold for the sea surface width. The convective term
shows a clear critical threshold for sea surface width and water depth. Specifically, the
critical threshold for the sea surface width is essential in determining the convective
term’s contribution to flow velocity nonlinear coupling. When the sea surface width
exceeds this threshold, wind stress effectively drives larger water masses, amplifying
convective effects. Conversely, narrower widths may limit fluid movement and reduce the
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impact of convection, as suggested by Price and Sundermeyer [45] in their study of Ekman
spiral dynamics.

The convective term’s significant variations in straits and bypassing zones are pri-
marily attributed to enhanced velocity gradients caused by topographic constraints and
channeling effects. While the Ekman spiral theory describes the vertical shearing of cur-
rents under steady wind forcing [49,50], it assumes no horizontal velocity gradients and
does not directly account for the role of the sea surface width or local topographic effects.
Increased turbulence can extend the Ekman depth by enhancing vertical mixing but does
not affect Ekman transport, which remains solely dependent on wind stress and the Coriolis
parameter. In contrast, the observed convective term behavior in this study is more closely
related to local flow conditions, including velocity gradients induced by topography and
channeling, as well as the interplay of turbulence and flow velocity changes.

4.1.4. Qualitative Analysis of Nonlinear Effects

Taking into account the three main factors influencing the “flow velocity nonlinear
coupling”—wind stress, bottom friction, and the convective term—the impact on each
region is shaped by its geographical location, topographical features, water depth, flow
velocity, and oceanic environmental conditions. Wind stress serves as the primary driving
force behind the flow direction, while bottom friction acts as the main resistance to flow
velocity. The convective term comprehensively reflects the dynamic movement of water
flow. The interaction of these three factors jointly determines the dynamic characteristics of
the “flow velocity nonlinear coupling.” The absolute values of the extreme points of each
nonlinear influencing factor indicate the magnitude of their impact in the respective regions.
Naturally, real-world conditions are complex and variable, with numerous influencing
factors. The extreme values after coupling can offer a simplified representation of the
nonlinear characteristics in each region.

The data presented in Table 2 are derived from the Delft3D simulation results of
Typhoon 2106. These extreme values were extracted by analyzing the nonlinear coupling
factors—bottom friction, wind stress, and the convective term—across the four characteris-
tic regions (strait, bypassing area, open sea, and sheltered area). Each value represents the
maximum absolute magnitude recorded during the typhoon’s peak period.

Table 2. Extreme value statistics of nonlinear factor coupling effects (Unit: × 10−4m/s2).

Nonlinear Term

Characteristic Region
Strait Bypassing

Area
Open Sea

Area
Sheltered

Area

Bottom friction −0.88 −1.07 −0.25 −0.36

Wind stress −1.89 −2.26 1.50 −2.14

Convective term −3.21 −2.94 −1.37 0.38

The convective terms in both the strait and bypassing area are substantial, both around
3 × 10−4 m/s2. This can be attributed to the fact that the water depths in these two regions
are quite similar. However, the bypassing area has a much wider sea surface, allowing
the typhoon’s driving force to have a greater impact, which is why the wind stress in
the bypassing area is greater than that in the strait. The strait’s effect of concentrated
acceleration, combined with the strong wind driving force in the bypassing area, results
in both regions having the largest contribution from the convective term among the three
nonlinear factors.

In the open sea and sheltered area, the average bottom friction is only
0.31 × 10−4 m/s2, contributing the least among the three nonlinear factors in these regions.
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However, wind stress is clearly the largest factor in the open sea, while the extremely
shallow depth of the sheltered area makes wind stress the dominant factor there as well. In
both regions, bottom friction, similar to the strait and bypassing area, remains the smallest
among the three nonlinear factors.

4.2. Nonlinear Coupling Proportion

The previous sections analyzed the three major nonlinear factors influencing storm
surges in the four characteristic sea regions. Now, we return to the central focus of this
study: the impact of these three nonlinear factors on the degree of nonlinear coupling in
storm surge flow velocity.

The flow velocity difference ∆U is obtained by adding the pure storm surge flow
velocity Uw and pure astronomical tide flow velocity UA, then subtracting the flow velocity
under coupled conditions Uc. NCP is calculated using Equation (26) where an NCP value
closer to 0 indicates a higher degree of linearity. The classification standards for the different
levels of coupling proportion are provided in Table 3.

NCP =

(
Uw + UA − Uc

Uc

)
× 100% =

(
∆U
Uc

)
× 100% (26)

Table 3. Classification of flow velocity nonlinear coupling proportion NCP.

Coupling Conditions Proportion of Couple Velocity
(NCP)

Nonlinear

Nonlinear increase NCP < −50%
Strong nonlinear increase −50% ≤ NCP < −30%
Weak nonlinear increase −30% ≤ NCP < −15%
Relatively weak increase −15% ≤ NCP < −5%

Quasi-linear (approximately referred
to as linear range) Linear −5% ≤ NCP ≤ 5%

Nonlinear

Relatively weak decrease 5% ≤ NCP < 15%
Weak nonlinear decrease 15% ≤ NCP < 30%
Strong nonlinear decrease 30% ≤ NCP < 50%

Nonlinear decrease NCP > 50%

The previous analysis of the three major factors in the four regions provides insight,
but the physical mechanisms of topography do not change significantly over a short period
of time, while typhoon storm surges are dynamic processes. Although extreme value
statistical analysis can roughly determine the influence of bottom friction, wind stress,
and convective terms in a given region, it cannot reflect the relationship between the
“flow velocity nonlinear effects” and these three factors in real time over different periods.
However, a qualitative analysis of the nonlinear coupling proportions during the typhoon
for each of the four regions can still be conducted.

In this study, nine different coupling proportions were set, and a heatmap was created
(Figure 12). NCP = 0 strictly represents linear coupling. Values within −5% ≤ NCP ≤ 5% are
quasi-linear, while deviations outside this range represent varying degrees of non-linearity
and are shown in white on the heatmap—the whiter the color, the closer the system is
to linear coupling. (The heatmap illustrates the distribution of deviations where regions
within the range (−5%, 5%) are highlighted using white color.) As the coupling proportion
decreases and falls below −50% (indicating nonlinear increase), the color shifts to red—this
means the more intense the red, the smaller the sum of the pure storm surge flow velocity
Uw and the pure astronomical tide flow velocity UA compared with the flow velocity under



J. Mar. Sci. Eng. 2025, 13, 5 24 of 34

coupled conditions Uc. Conversely, as the coupling proportion increases (indicating a
nonlinear decrease), the color turns blue.
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The heatmap effectively captures the NCP during different time periods. Overall,
strong nonlinear flow velocity (NCP ≥ 30% and NCP ≤ −30%) accounts for the vast ma-
jority, making up 70.1% of the total, with a nonlinear decrease (blue) being particularly
prominent, constituting 60.9% of the nonlinear coupling periods. Furthermore, the alter-
nation of nonlinear increase and decrease (red and blue) also shows a certain periodicity,
occurring approximately every six hours, while linear coupling appears infrequently.

The bypassing area and strait exhibit similar periodic patterns. The differences in
geographic location result in different phases of nonlinear increase and decrease occurring
at the same time in these two regions. However, the frequency of “nonlinear decrease” in
the bypassing area is higher than in the strait, with a complete cycle of approximately 12 h,
consisting of 8 h of a “nonlinear decrease” followed by 4 h of a “nonlinear increase.” This
suggests a distinct rhythmic pattern in the coupling effects of flow velocity in these regions.

In the open sea area, the ‘linear coupling’ phenomenon occurs with the highest fre-
quency among the four regions. ‘Nonlinear increase’ is more frequent and intense than
‘nonlinear decrease’, with the cumulative duration of ‘nonlinear increase’ accounting for
76.9% more time compared with ‘nonlinear decrease’ during the observation period. The
sheltered area is distinctive, with a “nonlinear decrease” accounting for 90.3% of the time,
indicating that coupling reduced flow throughout most of the period.

4.3. Quantitative Analysis of Nonlinear Effects

In this study, bottom friction τb, wind stress τs, and the convective term A are used as
key input variables for regression analysis. Based on the response of the NCP, input patterns
are established, and seven regression models are constructed to identify the most suitable
regression model for quantifying the relationship between these three major nonlinear
factors and NCP in the characteristic regions.

4.3.1. Input Patterns and Evaluation Metrics

To determine the optimal combination of variables for each of the seven regression
models, this study inputs the three major nonlinear factors—bottom friction, wind stress,
and the convective term—based on the characteristics of the flow velocity nonlinear cou-
pling proportion (NCP) and the complex relationships between these factors. No transfor-
mations such as squaring, exponentiation, or logarithms were applied to the input variables
as the three major nonlinear factors are already calculated characteristic indices and cannot
be directly measured by hydrological or tidal stations. The input pattern includes all vari-
ables corresponding to the entire time period before and after the typhoon’s landfall. The
evaluation metric for the output is the goodness-of-fit R2, which indicates the proportion of
variance explained by the model relative to the total variance [51].
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4.3.2. Model Results Comparison

The regression analyses aimed to quantify the contributions of wind stress, convection,
and bottom friction to NCP. As expected, wind stress dominated in open sea areas due to
the absence of topographical constraints, while convection emerged as the primary driver
in straits and bypassing zones, reflecting the concentrated flow and increased turbulence in
these regions. Although bottom friction exhibited the least influence overall, its impact was
amplified in shallower regions, consistent with theoretical expectations [44,46]. These find-
ings align well with prior studies of storm surge dynamics, reinforcing the robustness of the
regression model’s outcomes. The scatter plots of NCP (Figure 13) and the corresponding
goodness-of-fit R2 values were obtained for each model.
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Figure 13. A comparison of actual and estimated NCP values in four regions using seven models; 
(a) Linear regression, (b) Ridge regression, (c) Lasso regression, (d) Elastic net regression, (e) Deci-
sion tree regression, (f) Random forest regression, and (g) Support vector regression (SVR).  
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where the feature participates in the tree. Here, ‘impurity’ refers to the measure of disor-
der or uncertainty in the dataset, commonly quantified using metrics such as Gini impu-
rity or information gain. A ‘feature’ represents an independent variable used in the model 
to make predictions, with its importance determined by how effectively it reduces impu-
rity in the splitting process. This calculation is specific to tree-based regression models, 
such as decision tree regression and random forest regression. Non-tree-based models, 
such as linear regression or support vector regression, do not involve this concept as they 
lack a tree structure for splitting nodes. Feature importance is typically normalized, so the 
sum of the importance values for all features equals 1. Let 𝑋௝ represent the 𝑗-th feature, 
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majority of the variance in the data, making it suitable for describing overall trends, 
though it may lack accuracy in predicting finer details. When R2 < 0.5, it suggests that the 
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13 for the R2 values of each model across the different regions. 
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The feature’s importance is based on the total reduction in impurity at the split nodes
where the feature participates in the tree. Here, ‘impurity’ refers to the measure of disorder
or uncertainty in the dataset, commonly quantified using metrics such as Gini impurity
or information gain. A ‘feature’ represents an independent variable used in the model to
make predictions, with its importance determined by how effectively it reduces impurity
in the splitting process. This calculation is specific to tree-based regression models, such
as decision tree regression and random forest regression. Non-tree-based models, such as
linear regression or support vector regression, do not involve this concept as they lack a
tree structure for splitting nodes. Feature importance is typically normalized, so the sum
of the importance values for all features equals 1. Let Xj represent the j-th feature, and
∆i(t) represent the reduction in Gini impurity at node t (calculated using Equation (28)).
Ntrees is the number of decision trees, and node t refers to all nodes in the decision trees
associated with the feature Xj. pi represents the probability of class i, and C is the total
number of classes.

Importance
(
Xj

)
=

1
Ntrees

∑Ntrees
i=1 ∑

t∈Nodes where Xj is used

∆i(t)
Number o f sample in Node t

(27)

Gini =
C

∑
i=1

pi(1 − pi) (28)

In the study of typhoon storm surge flow velocity, a goodness-of-fit R2 ≥ 0.7 is typically
considered a good fit, indicating that the model can explain most of the variance in the data
and that the model is quite accurate. For 0.7 > R2 ≥ 0.5, the model can explain the majority
of the variance in the data, making it suitable for describing overall trends, though it may
lack accuracy in predicting finer details. When R2 < 0.5, it suggests that the model has a
weak ability to explain the data and is not sufficiently accurate [47]. See Figure 13 for the
R2 values of each model across the different regions.
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The R2 values for linear, ridge, elastic net, and support vector regression were all below
0.2 across the four regions, indicating a limited ability to capture the complex relationships
in the data. Interestingly, the random forest model, which generally outperforms decision
tree models in large and diverse datasets, achieved an average R2 of 0.4681 across the
four regions, with only the open sea and sheltered area exceeding 0.5. This phenomenon
may result from the relatively small sample size and the specific statistical properties
of the input features, which favor simpler models like decision trees for capturing the
highly nonlinear interactions among bottom friction, wind stress, and the convective term.
Previous studies [52] have also reported that decision trees can outperform ensemble
methods like random forests in scenarios where data complexity and sample size constrain
the model’s ensemble learning capacity. While the regression models provided valuable
insights into the contributions of wind stress, convection, and bottom friction to NCP, we
acknowledge certain limitations. For instance, the simplicity of linear models may not
fully capture the complex, time-dependent interactions in storm surge dynamics. However,
the decision tree model outperformed others (R2 ≈ 0.8 in most regions), highlighting
its effectiveness in addressing nonlinear relationships. Future work could incorporate
more sophisticated machine learning approaches or ensemble modeling to further enhance
predictive accuracy. Among the seven regression models, the decision tree performed
the best, with R2 values of 0.7997 for the strait, 0.8279 for the bypassing area, 0.8314 for
the open sea, and 0.6076 for the sheltered area. The decision tree model significantly
outperformed the others in all regions. Therefore, the decision tree regression model
was selected to calculate the feature importance of bottom friction, wind stress, and the
convective term as explanatory variables for each region (Equation (27)), which represents
the contribution of these explanatory variables to the dependent variable, NCP. The results
are shown in Table 4. Unlike the qualitative ranking of the extreme impacts of the three
major nonlinear factors (Table 2), this regression analysis provides a quantitative evaluation
of the comprehensive influence of the three nonlinear factors over the entire time period.

Table 4. A calculation of a contribution proportion of the decision tree model to nonlinear item features.

Characteristic
Regions

Nonlinear Terms
Bottom Friction Wind Stress Convective Term

Strait 24.13% 32.37% 43.50%
Bypassing area 21.36% 38.50% 40.14%
Open sea area 12.87% 48.28% 38.85%
Sheltered area 32.68% 38.34% 28.98%

The strait, with its narrow passage and significant topographical variations, generates
a strong acceleration effect on ocean currents. As the currents pass through the strait, the
increased flow velocity leads to changes in momentum, which enhances the contribution
of the convective term [38], reaching 43.50%. Bottom friction has a relatively smaller
contribution in this region, likely due to the greater water depth, which reduces the overall
impact of bottom friction on flow velocity. Scholars like Xia have also indicated that bottom
friction has a weaker contribution to flow velocity in submarine canyons [53].

The bypassing area, defined by coordinates 30◦33′ N to 30◦38′ N and 122◦18′ E to
122◦26′ E, has a broader sea surface width, which refers to the distance between the
northern and southern extents of the sea surface in this area. This broader width allows for
a larger expanse of water to be influenced by typhoon-induced wind stress and convective
forces. As a result, the convective term, influenced by localized variations in wind stress,
plays a crucial role [45] in redistributing momentum, particularly in regions with complex
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bathymetry where the assumptions of uniformity in x and y (as per the Ekman spiral
theory) are not applicable. While the Ekman spiral theory indeed assumes uniformity in the
x- and y-directions, the observed flow conditions during Typhoon 2106 exhibit significant
spatial heterogeneity due to local wind stress variations and topographical constraints,
which invalidate this assumption and amplify the convective term’s effect in redistributing
flow momentum [45,46]. Similar to the strait, bottom friction in this region has a weaker
contribution to the nonlinear coupling of flow velocity due to the greater water depth.

In the open sea area, wind stress contributes the most to the nonlinear increase in
flow velocity, with a contribution proportion of 48.28%. The wide expanse of sea exposed
to wind can effectively drive the movement of both surface and subsurface water [41].
Bottom friction has a lower contribution proportion of 12.87% to the nonlinear coupling of
flow velocity as the open sea has the greatest water depth and bottom friction exerts less
resistance on the overall flow velocity. The convective term contributes 38.85% to the flow
velocity nonlinearity in this area, and its significance becomes particularly pronounced in
open-sea areas due to steep velocity gradients caused by wind-induced surface currents in-
teracting with underlying stratification. In such regions, the absence of significant physical
barriers allows for large-scale momentum exchanges, intensifying velocity shear. Further-
more, the wide spatial scales in open-sea areas contribute to the enhanced momentum
transfer through vertical and horizontal advection, which further amplifies the convective
term’s impact.

The ranking of influence on the nonlinear coupling of flow velocity in the first three
regions, based purely on extreme values, aligns relatively well with the results. However,
the sheltered area, with the shallowest depth and the most complex terrain among the
four characteristic regions, presents a different scenario. Wind stress still has a significant
impact, contributing 38.34%, but the differences between the three nonlinear factors in this
region are the smallest among the four. Bottom friction ranks second in terms of influence,
which differs from the extreme value-based qualitative ranking (Table 2). This could be
due to the relatively poor fluid mobility in the sheltered area. While wind stress can affect
the water flow, bottom friction plays a larger role due to the complex terrain, impeding the
lower layer of the water. The convective term contributes 28.98% to the sheltered area’s
“nonlinear flow velocity reduction” state. Although lower, it still plays an important role in
the local water movement. Stewart noted that in shallow waters with complex terrain, the
combined effects of friction and the convective term are key to changes in flow velocity [44].
Comparing the contribution proportions of the convective term in the bypassing area, open
sea, and sheltered area in Table 4 reveals that there are critical values for water depth and
sea surface width regarding the convective term. When these depths or widths exceed or
fall below certain thresholds, the contribution tends to decrease. While specific thresholds
for these parameters cannot be definitively identified from the current dataset, trends
suggest that changes in depth or width are associated with variations in the convective
term’s contribution.

By synthesizing Tables 2 and 4, it can be concluded that bottom friction is most sensi-
tive to water depth—the greater the depth, the smaller the bottom friction. Furthermore,
as bottom friction increases, the likelihood of nonlinear flow velocity reduction increases.
Wind stress primarily depends on the strength of the wind, air density, and surface rough-
ness and is not directly influenced by sea surface width. However, larger sea surface areas
may enhance the effects of wind-driven processes on flow dynamics due to increased fetch
and wave development. As wind stress increases, the likelihood of a nonlinear flow velocity
increase becomes more pronounced. The convective term shows a critical point, which is
related to both sea surface width and water depth. While a precise relationship remains
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challenging to establish due to the limitations of the current dataset, larger convective term
values are generally associated with increased flow velocity nonlinearity.

By combining the results of both qualitative and quantitative analyses, it is evident that
flow velocity variations in different regions are influenced by the combined effects of wind
stress, bottom friction, and the convective term, with varying contribution proportions.
The contribution rankings of the three major nonlinear factors from the qualitative extreme
value analysis are almost identical to those from the quantitative regression model analysis.
Therefore, the relative importance of nonlinear factors can be reasonably explained and
validated through ocean dynamics analysis and mathematical models.

The erratic performance of regression models reflects the unique complexity of the
nonlinear coupling effects studied here. While decision tree regression captures localized
nonlinear interactions effectively, the relatively poor performance of random forest and
other models underscores the need for future work with larger datasets and more tailored
feature engineering approaches. These results highlight the challenges of quantifying
nonlinear storm surge dynamics using regression methods and the importance of selecting
models that align with data characteristics and research objectives.

The erratic behavior observed in some regression models warrants further exploration.
While decision tree regression effectively captured the nonlinear relationships in this study,
random forest exhibited limitations likely tied to data sparsity and noise in localized regions.
Such variability underscores the importance of tailoring model selection to the specific
characteristics of the dataset. For future work, a more systematic hyperparameter tuning
process and advanced methods like gradient boosting machines (GBMs) could be employed
to enhance model robustness. Additionally, incorporating physical constraints into regres-
sion models may help address noise amplification in confined regions, as suggested by
recent studies on storm surge dynamics [54].

5. Conclusions
This study employs the Delft3D numerical model to elucidate nonlinear flow velocity

dynamics across four key marine regions during Typhoon 2106, which was selected for
its extreme intensity, comprehensive observational data, and representative nonlinear
characteristics. While this study focuses on a single case to establish the foundation of the
NCP metric, future work will include multiple typhoon cases to validate its applicability.
Simulations and validations of the 2106 storm surge model identified bottom friction,
wind stress, and the convective term as key factors influencing nonlinear flow velocity. A
novel metric, the “Flow Velocity Nonlinear Coupling proportion (NCP),” is introduced to
quantify the nonlinear interactions between astronomical tidal flow velocities and storm
surge flow velocities. This coupling reflects how the combined flow velocity diverges from
the linear sum of these two components, influenced by wind stress, bottom friction, and
the convective term.

Model Validation and Factor Analysis. The Delft3D model accurately captured Ty-
phoon 2106’s effects on complex topography across the four regions, facilitated by a
double-layer nested grid system. Model validation with observational data yielded a
strong correlation (R2 ≈ 0.96) between simulated and measured values. Analyses showed
wind stress exerted the most influence in open sea areas, reaching 1.50 × 10−4 m/s2,
while the convective term was most impactful in narrow zones like straits, reaching
−3.21 × 10−4 m/s2. Although bottom friction’s impact was modest, with an average
influence of 0.64 × 10−4 m/s2, it contributed notably to flow velocity changes.

Introducing the Nonlinear Coupling Proportion (NCP). This study introduced NCP
as an innovative metric to quantify nonlinear coupling in typhoon-driven flow velocities.
An NCP range of −5% to 5% indicated near-linear coupling, while values outside this
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range (e.g., NCP < −50% or NCP > 50%) indicated significant nonlinear increases or
decreases. The analysis highlighted that a nonlinear flow reduction was particularly
pronounced in nearshore areas, with reductions observed 90.3% of the time in sheltered
regions. In contrast, broader and more open offshore areas exhibited a higher occurrence
of flow velocity linear coupling. The analysis reveals that as distance from the shore
increases, hydrodynamic complexity tends to decrease, resulting in conditions that favor
near-linear coupling.

Qualitative Rankings and Regional Dynamics. Qualitative analysis of the three nonlin-
ear factors across regions revealed that the convective term primarily drove the alternating
nonlinear flow velocity increases and decreases in straits and bypassing zones, followed by
wind stress, while bottom friction had the smallest influence. The open sea maintained the
closest approximation to linear coupling, while the sheltered area exhibited consistent non-
linear reduction, primarily driven by wind stress, with contributions from the convective
term and a minimal impact from bottom friction.

Regression Model Comparison. Seven regression models were compared to assess the
relationship between NCP and the three nonlinear factors. The decision tree model, with an
average goodness-of-fit (R2 = 0.77), emerged as the most effective in capturing the complex
nonlinear relationships among bottom friction, wind stress, and the convective term. Unlike
other models, its hierarchical structure allows it to partition the input space effectively,
leading to superior performance in regions with distinct nonlinearity. The robustness of the
decision tree result was further confirmed through sensitivity tests, ensuring its outcome
is not merely coincidental but reflects its ability to address region-specific nonlinearity.
Overall, wind stress was the predominant factor driving nonlinear flow increases as the sea
surface width expanded, notably in open sea regions where the convective term accounted
for 48.28%. It showed critical threshold values related to water depth and sea surface width,
with a nonlinear reduction in flow velocity becoming more probable as these parameters
approached critical points. However, due to limitations in the data, the precise critical
thresholds fall beyond the scope of this study. Bottom friction, with an average contribution
of 22.76%, had a more significant influence in shallower waters, increasing the likelihood
of nonlinear flow reductions.

This study provides a novel framework for evaluating nonlinear coupling effects in
storm surge flow velocities, underscoring the critical roles of wind stress and the convective
term during extreme events like typhoons.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/jmse13010005/s1, Figure S1: Distribution of flow velocity compo-
nents in four characteristic regions during pure storm surge conditions. (a) X-direction flow velocity;
(b) Y-direction flow velocity.
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