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Abstract

To quantitatively assess the storm surge induced by Super Typhoon Doksuri (2023) along
the complex coastline of Fujian Province, a high-resolution Finite-Volume Coastal Ocean
Model (FVCOM) was developed, driven by a refined Holland–ERA5 hybrid wind field with
integrated physical corrections. The hybrid approach retains the spatiotemporal coherence
of the European Centre for Medium-Range Weather Forecasts (ECMWF) ERA5 reanalysis
in the far field, while incorporating explicit inner-core adjustments for quadrant asymme-
try, sea-surface-temperature dependency, and bounded decay after landfall. A series of
numerical experiments were conducted, including paired tidal-only and full storm-forcing
simulations, along with a systematic sensitivity ensemble in which bottom-friction parame-
ters were perturbed and the anomalous (typhoon-related) wind component was scaled by
factors ranging from 0.8 to 1.2. Static sea-level rise (SLR) scenarios (+0.3 m, +0.5 m, +1.0 m)
were imposed to evaluate their influence on extreme water levels. Storm surge extremes
were analyzed using a multi-scale coastal buffer framework, comparing two extreme ex-
traction methods: element-mean followed by time-maximum, and node-maximum then
assigned to elements. The model demonstrates high skill in reproducing astronomical tides
(Pearson r = 0.979–0.993) and hourly water level series (Pearson r > 0.98) at key validation
stations. Results indicate strong spatial heterogeneity in the sensitivity of surge levels to
both bottom friction and wind intensity. While total peak water levels rise nearly linearly
with SLR, the storm surge component itself exhibits a nonlinear response. The choice of
extreme-extraction method significantly influences design values, with the node-based
approach yielding peak values 0.8% to 4.5% higher than the cell-averaged method. These
findings highlight the importance of using physically motivated adjustments to wind fields,
extreme-value analysis across multiple coastal buffer scales, and uncertainty quantification
in future SLR-informed coastal risk assessments. By integrating analytical, physics-based
inner-core corrections with sensitivity experiments and multi-scale analysis, this study
provides an enhanced framework for storm surge modeling suited to engineering and
coastal management applications.

Keywords: storm surge; FVCOM; Typhoon Doksuri; wind field fusion; sea-level rise (SLR)

1. Introduction
Storm surge—an abrupt rise in local water level driven by intense meteorological

disturbances such as tropical cyclones—is among the most destructive natural hazards
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affecting coastal regions worldwide [1]. Against the backdrop of global climate change, the
combined effects of mean sea-level rise (SLR) and changes in tropical cyclone characteristics
are projected to substantially elevate coastal flood risk [2,3]. Observational studies further
indicate long-term changes in both the intensity of northwest Pacific tropical cyclones and
the latitudinal location of their maximum intensity—including intensification of landfalling
storms and poleward shifts—which together modify the hazard profile for East Asian
coastlines [4,5]. Global probabilistic assessments suggest that, without effective adaptation,
the frequency and severity of extreme sea-level events will increase markedly this century,
amplifying exposure and vulnerability in coastal societies [6,7].

The Fujian coast of China lies within the typhoon-active northwest Pacific and features
a highly convoluted shoreline, with numerous bays, estuaries, and shallow shoals. Such
complex morphology, through nonlinear coupling with tides and wind stress, readily
produces strong spatiotemporal heterogeneity and pronounced local amplification of storm
surge response [8]. As a densely populated and economically important region, Fujian
demands high-resolution surge modeling and robust risk assessment to support disaster
mitigation and coastal management decisions [9].

From a numerical modeling perspective, the Finite-Volume Coastal Ocean Model
(FVCOM, the University of Massachusetts Dartmouth, New Bedford, MA, USA), formu-
lated on unstructured grids, has become a standard tool for high-resolution tide–storm
surge coupling because of its geometric flexibility in representing complex shorelines and
bathymetry and its strict conservation properties [10]. Nonetheless, the model’s predictive
skill is constrained by several key sources of uncertainty. Firstly, the accuracy of meteo-
rological forcing is a primary limitation. Global reanalysis such as the Fifth Generation
European Centre for Medium-Range Weather Forecasts (ECMWF) Atmospheric Reanalysis
of the Global Climate (ERA5) provides reliable large-scale background fields but tends to
systematically underestimate near-core wind speeds and gradients in the eyewall region,
which can produce low bias in a simulated surge peak [11,12]. Blending a parametric ty-
phoon model with reanalysis fields has therefore become an effective approach to retain the
parametric model’s near-core intensity while preserving the reanalysis-consistent far-field
environment [13,14]; incorporating physical corrections such as quadrant asymmetry, sea-
surface-temperature dependence, and post-landfall decay can further improve the realism
of the hybrid wind field [15]. Similar hybrid strategies have been successfully applied
in recent studies, such as that of Jiao et al. [16], who combined ERA5 with parametric
models for Typhoon Mangkhut, and Chen et al. [17], who emphasized the role of wind
stress in nonlinear surge dynamics. Similarly, Zhang, X. et al. (2024) [18] addressed ERA5’s
underestimation of typhoon intensity and position by reconstructing the wind field with a
model incorporating a decay coefficient, successfully improving storm surge simulation
accuracy for Typhoon Muifa (2022). Further refining the representation of typhoon forcing,
Zhang, B. et al. (2025) [19] analyzed the joint wind-wave distributions of 35 typhoons,
revealing a pronounced rightward bias in typhoon wave fields and a close correlation
between wind speed and significant wave height.

Secondly, parameterizations of oceanic processes constitute another major source
of uncertainty. Regional studies have shown that bottom friction parameters and
wave–tide–current coupling exert significant influences on storm surge simulations, with
sensitivity varying across coastal morphologies [20]. Specifically, bottom friction parame-
terization controls energy dissipation, and its spatial variability can markedly affect both
tidal and surge simulations [21]. In shallow waters, wave-induced setup and radiation
stress also contribute substantially to total water level, further underscoring the importance
of accounting for wave–current coupling in detailed risk assessments [22,23].
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Thirdly, interactions between sea-level rise and storm surge are inherently nonlinear;
SLR not only raises the baseline water level but can modify local depths, tidal propagation,
and bottom dissipation, thereby producing complex feedbacks that alter the storm surge
component itself [24,25]. Moreover, the choice of extreme-value extraction method directly
affects engineering and policy outcomes and therefore requires evaluation across multiple
spatial scales.

Motivated by these considerations, this study develops a high-resolution FVCOM
hydrodynamic model to simulate the storm surge evolution induced by Super Typhoon
Doksuri (2023) along the Fujian coast and systematically assesses the effects of alternative
SLR scenarios. The principal contributions of the work are as follows: (1) development
of a systematically calibrated Holland–ERA5 hybrid wind field, incorporating a unified
framework of physical corrections for quadrant asymmetry, sea-surface-temperature depen-
dence, and post-landfall decay, rigorously validated against CMA best-track observations;
(2) establishment and validation of a high-resolution FVCOM for astronomical tides and
storm surge, followed by a systematic quantification of the spatial impacts of uncertain-
ties in bottom friction and wind intensity on simulated surge levels; (3) comparison of
two extreme-value extraction methods to assess their effect on estimated surge peaks across
spatial scales; (4) analysis of storm surge response under static SLR scenarios, demonstrat-
ing its complex nonlinearity and pronounced spatial heterogeneity along the Fujian coast;
and (5) provision of operationally relevant, multi-scale risk-assessment guidance for coastal
engineering and emergency management.

The remainder of the paper is organized as follows. Section 2 describes the study
area and data sources, details the high-resolution FVCOM configuration, and presents the
Holland–ERA5 wind field blending procedure, the static sea-level-rise scenarios, and the
sensitivity experiment design. Section 3 reports model validation against tidal, current, and
wind observations and then presents analyses of storm surge spatiotemporal characteristics,
multi-scale buffer-based exposure statistics, SLR impacts, and sensitivity results. Section 4
discusses the underlying physical mechanisms, the spatial heterogeneity of surge response,
implications for engineering practice and risk management, and study limitations. Section 5
summarizes the principal conclusions and outlines priority directions for future research.

2. Materials and Methods
2.1. Study Area and Data Sources

The study domain covers the offshore waters of Fujian Province, bounded by 113–125◦ E
and 20–31◦ N, and is chosen to fully encompass the track of Typhoon Doksuri (2023) and
the coastal regions of Fujian potentially affected by the event. The coastline in this region is
highly indented and characterized by numerous bays, estuaries, and shallow shoals. Such
complex morphology, through nonlinear coupling with tides and wind stress, provides typical
conditions for the generation of storm surge and for marked local amplification. To resolve
shoreward shoals and estuarine-scale processes, a high-resolution nearshore grid is employed;
the study area bathymetry, triangular mesh distribution, and the locations of major tide-gauge
stations are illustrated in Figure 1.

Open-ocean bathymetry is based on the GEBCO_2023 grid (15′′ resolution) (British
Oceanographic Data Centre, Liverpool, UK) [26]. Nearshore bathymetry is replaced and
refined with electronic navigational charts and regional soundings; after datum unifi-
cation, these local data are merged with GEBCO to improve nearshore topographic fi-
delity. Coastline vectors are taken primarily from the Global Self-consistent, Hierarchical,
High-resolution Geography Database (GSHHG, National Oceanic and Atmospheric Ad-
ministration (NOAA), Boulder, CO, USA) [27] and subjected to manual coordinate correc-
tions where necessary using LocaSpace Viewer 4 (Tuxingis (Suzhou) Technology Co., Ltd.,
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Suzhou, Jiangsu, China) [28] to produce an accurate boundary for mesh generation. Using
the compiled coastline and merged depth/elevation datasets, an unstructured triangular
mesh was generated to balance nearshore resolution and offshore computational effi-
ciency. Mesh resolution varies from a minimum element scale of approximately 200 m
in the nearshore to a maximum of roughly 21.5 km offshore. The final mesh contains
42,333 nodes and 80,247 triangular elements. Element angles range from 30◦ to 120◦,
and adjacent element size ratios do not exceed 2.0. After mesh generation, the merged
depth field was mapped to model nodes using a nearest-neighbor assignment, followed
by localized smoothing and quality control to remove isolated outliers and excessively
high-frequency noise, thereby reducing numerical pressure-gradient errors arising from
discretized bathymetry.

 

Figure 1. Composite map of the study area. (a) Triangular grid distribution. (b) Water depth
distribution. (c) Validation station distribution.

Tidal boundary forcing is constructed from tidal harmonic constituents produced by
Chinatide (developed by Ocean University of China) [29,30]. The selected constituents
include major diurnal and semidiurnal and relevant overtides (e.g., K1, O1, P1, Q1, M2,
S2, N2, K2, Sa, etc.). The synthesized tidal time series are temporally interpolated to
the model time step and assigned to open-boundary nodes to drive interior dynamics.
Where necessary, boundary time series are locally adjusted in amplitude and phase (for
example, by applying linear scaling and phase shift based on nearshore tide observations)
to ensure the consistency of phase and amplitude with coastal measurements; the effects of
such boundary adjustments on nearshore peak timing and magnitude are assessed during
post-processing. The bathymetric data from GEBCO_2023 and local charts were unified
and referenced to Mean Sea Level (MSL). The tidal harmonic constituents from Chinatide
were also referenced to, or adjusted to, MSL to ensure consistency in the vertical datum
throughout the model domain. Thus, all model inputs and the resulting water level outputs
(free surface elevation η) in this study are referenced to MSL. Overall, the data-fusion,
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coastline editing, mesh generation, and depth-mapping procedures described above are
designed to preserve nearshore detail while minimizing numerical artifacts introduced by
bathymetric discretization and boundary errors, thus providing a robust spatial foundation
for FVCOM tide and storm surge simulations.

2.2. Numerical Model Configuration

Hydrodynamic simulations are performed with FVCOM v4.1 (Finite-Volume Coastal
Ocean Model) [10]. FVCOM employs unstructured triangular meshes in the horizontal and
a sigma (σ) coordinate in the vertical. Its finite-volume discretization ensures strict conser-
vation and enables flexible representation of complex coastal geometry and bathymetry.

The model solves the free-surface and three-dimensional momentum equations and
includes Coriolis acceleration, barotropic and baroclinic pressure gradients, horizontal and
vertical turbulent viscosity, bottom friction, and surface wind stress. Vertical turbulence
closure is provided by the Mellor–Yamada level 2.5 scheme [31], which is widely used
for stratification and mixing processes in coastal applications. Horizontal diffusion is
parameterized using a Smagorinsky formulation, with diffusion coefficients linked to shear
and local grid scale.

The computational horizontal mesh, described in Section 2.1, varies from ~200 m
nearshore to ~21.5 km offshore. In the vertical, the model uses 11 sigma layers. This vertical
discretization follows sensitivity findings in previous storm surge studies [32] and is
intended to balance computational efficiency with sufficient resolution of surface and near-
bottom dynamics required to analyze bottom friction and wind stress vertical structure.

Time integration adopts a split-explicit approach that separates fast external gravity
waves (barotropic mode) and slower density-driven flow (baroclinic mode). The external
(barotropic) time step is set to 10 s and the internal (baroclinic) time step to 1 s. Such an
explicit splitting scheme improves computational efficiency while maintaining numerical
stability; implementation details follow Shchepetkin and McWilliams (2005) [33].

Bottom friction is a key control for model results, and here it is represented by a
quadratic drag law. In the baseline configuration, the bottom roughness parameter z0 is set
to 8 × 10−5 m, and a minimum drag coefficient of 0.0035 is enforced to prevent nonphysical
high velocities in extremely shallow elements. Given the substantial uncertainty and
spatial variability in bottom friction—and its documented influence on tidal and surge
dynamics in the East China Sea region [21,34]—a suite of sensitivity experiments targeting
bottom-friction parameterization is described in Section 2.7 to quantify its influence on the
simulated surge associated with Typhoon Doksuri.

Wetting–drying processes are activated with a threshold depth of 0.01 m to resolve
tidal flat exposure and flooding dynamics in shallow coastal areas.

Open boundaries are forced by the tidal sea-level time series constructed as described
above. To mitigate numerical pressure-gradient errors due to discretized bathymetry, the
depth field mapped to mesh nodes is locally smoothed during model initialization.

2.3. Wind Field Construction and Physical Corrections

Accurate meteorological forcing—especially a high-fidelity typhoon wind field—is
essential for realistic storm surge simulation. To overcome limitations of single data
sources (for example, the ERA5 reanalysis underestimation of near-core wind speeds in
tropical cyclones [35], or the lack of consistency between purely parametric models and
the observed large-scale environment), this study employs a hybrid strategy that blends
a parametric typhoon inner core with a reanalysis background field [14,15]. While recent
studies have advanced hybrid wind field reconstruction—such as the piecewise scaling
method with a distance–decay coefficient employed by Zhang, X. et al. (2024) [18] for
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Typhoon Muifa, or the asymmetric Holland model combined with a large-radius linear
blending used by Zhang, B. et al. (2025) [19]—the present work distinguishes itself through
a more integrated and physically detailed approach. The blending is achieved with a radial
weighting function to provide a smooth transition from the typhoon core to the far-field
environment and is complemented by a suite of empirically validated physical corrections
that enhance the wind field realism.

2.3.1. Data Sources and Preprocessing

Large-scale background wind and mean sea-level pressure fields are taken from the
European Centre for Medium-Range Weather Forecasts (ECMWF) ERA5 reanalysis [11],
which has a nominal horizontal resolution of ~0.25◦ and hourly temporal resolution, pro-
viding a reliable synoptic environment for surge forcing [36]. Typhoon Doksuri’s best-track
information—including center position, translation speed, central pressure, and maxi-
mum sustained wind speed—was obtained from the China Meteorological Administration
(CMA) best-track dataset (https://typhoon.nmc.cn/web.html (accessed on 7 January 2025)).
All meteorological fields are temporally interpolated (linear) to an hourly time series to
match the model forcing cadence. The resulting fields are spatially interpolated onto the
FVCOM unstructured mesh nodes and used as model surface forcing and open-boundary
meteorological inputs. The generated wind field dataset spans 00:00 UTC on 21 July 2023
to 23:00 UTC on 30 July 2023, covering 240 hourly time steps (240 h) in total.

2.3.2. Parametric Typhoon Wind Field Model

For the inner-core region of the typhoon wind field, we adopt the classical axisymmet-
ric Holland (1980) parametric model [13]. Built on the gradient wind balance, the Holland
formulation provides analytic expressions for the radial distribution of sea-level pressure
and gradient wind within the cyclone. The sea-level pressure P(r) at radius r and the
gradient wind Vg(r) are expressed as

P(r) = Pc + (Pn − Pc)exp

[
−
(

Rmax

r

)B
]

(1)

Vg(r) =

√√√√B
ρ

(
Rmax

r

)B
(Pn − Pc)exp

[
−
(

Rmax

r

)B
]
+

(
r f
2

)2
− r f

2
(2)

where Pc is the central pressure, Pn is the environmental pressure, Rmax is the radius of
maximum wind, B is the Holland shape parameter, ρ is the air density, and f is the Coriolis
parameter. The radius of maximum wind Rmax is estimated using Graham’s empirical
relation [36]. The Holland shape parameter B is determined following the empirical
regression of Vickery and Wadhera (2008) [37]:

Rmax = 28.52
[

0.0873(φ − 28) + 12.22exp
(

Pc − 1013.2
33.86

)
+ 0.2V + 37.2

]
(3)

B = 1.881 − 0.00557 ∗ Rmax − 0.01295φ (4)

where φ is the typhoon center latitude and V is the storm translation speed. The gradient
wind computed from the Holland model is subsequently converted to the standard 10 m
wind speed for use in the FVCOM wind stress calculations.

2.3.3. Hybrid Wind Field Blending Strategy

To combine the Holland model’s strength in representing high wind speeds in the
inner core with the ERA5 reanalysis’ consistency in the large-scale environment, we employ
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a radial, piecewise weighted blending method [14,15]. This approach has been shown to
improve typhoon wind field reconstruction in Chinese seas [15]. Two radii are defined: an
inner radius, Rinner = Rmax, and an outer radius, Router = 3Rmax. The blended wind speed
Vsynth(r) is given by

Vsynth(r) = w(r) · Vg(r) + [1 − w(r)] · VERA5(r) (5)

with the transition weight w(r) taken as a cosine smoothing function:

w(r) =
1
2

[
1 + cos

(
π

r − Rinner
Router − Rinner

)]
, Rinner ≤ r ≤ Router (6)

Thus, for r ≤ Rinner, the blended field equals the Holland solution (w = 1), while
for r ≥ Router , it equals the ERA5 field (w = 0), and a smooth interpolation is applied in
the intermediate zone. The method compensates for ERA5’s tendency to underestimate
near-core intensity [12,35] while preserving the spatiotemporal coherence of the far-field
pressure and wind patterns.

2.3.4. Physical Corrections and Observational Calibration of the Wind Field

On top of the base hybrid field, we introduce a set of empirically based physical
corrections and observational calibrations to better reproduce the observed wind structure
of Typhoon Doksuri.

(1) Quadrant asymmetry correction
To represent the azimuthal asymmetry induced by storm translation and vortex dy-

namics, an enhancement factor Q f is applied to the axisymmetric Holland wind field [15,38].
The modulation function emphasizes the right-forward quadrant (the dangerous semicircle)
and is defined as

Q f = 1.2 + 0.3 · sin(θ − θm) (7)

where θ is the azimuthal angle of a point relative to the storm center and θm is the storm
motion direction. This correction increases eyewall wind speeds in the dangerous semicircle
by approximately 20–30%, consistent with empirical observations of typhoon wind field
asymmetry.

(2) Sea-surface temperature (SST) dependence
To account for thermodynamic modulation of storm intensity by ocean heat content,

an SST-dependent amplification factor is introduced [4]:

SSTfactor = 1 + 0.04·(SST − 27) (8)

For an SST of 30 ◦C, the amplification factor equals 1.12, reflecting the stronger energy
supply from the warm-pool region of the northwest Pacific.

(3) Post-landfall decay parameterization
To represent the observed decay of cyclone intensity after landfall due to increased

surface friction and loss of oceanic heat flux, an empirical exponential decay is applied [39]:

Decayfactor = max
(
1 − 0.02 ·

(
t − tlandfall

)
, 0.7

)
(9)

where tlandfall denotes the landfall time (27 July 2023 00:00 UTC). The factor reduces wind
speed by 2% per hour with a lower bound of 70% of the pre-landfall intensity. This decay
is applied only over land (longitude > 118.5◦ E, latitude 24.5–27◦ N) to represent local
surface effects.

(4) Observational calibration and quality control
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The preliminary blended field is systematically compared against CMA best-track
maximum wind observations. Polynomial fitting is used to calibrate extreme wind values
during the target interval (hours 151–172) to ensure intensity consistency with obser-
vations. Quality-control procedures include a three-point weighted temporal smoother
(weights 0.25–0.5–0.25) applied over hours 151–172 to remove nonphysical fluctuations,
and a Gaussian moving average (9 h window) applied over hours 168–185 to suppress
high-frequency noise. A per-step scaling factor is constrained to the range [0.5, 2.0] to avoid
unrealistic adjustments.

Following these systematic corrections and calibrations, the synthesized wind field
attains a Pearson r = 0.974 against observed maximum winds (see Section 3.1.3), indicating
strong fidelity in both intensity and spatiotemporal structure and providing a high-quality
meteorological forcing for the ensuing storm surge simulations.

2.3.5. Model Forcing and Uncertainty Considerations

To quantify how uncertainty in wind field intensity propagates into surge simulations,
a set of sensitivity experiments was designed (see Section 2.7). Specifically, the anomalous
component of the wind field during the storm’s principal impact period was scaled by
factors from 0.8 to 1.2 to systematically investigate the transfer function between wind-
speed input errors and storm surge response, including its spatial heterogeneity (results are
presented in Section 3.4). This experimental design enables the quantification of residual
uncertainty in wind field construction and its effect on the final storm surge risk assessment
(see Figure 2 and Table 1).

 
Figure 2. Typhoon track map of Doksuri (2023) (source: China Meteorological Administration
Typhoon Network).
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Table 1. Track information of Typhoon Doksuri (2023) (source: China Meteorological Administration
Typhoon Network).

Year Month Day Hour Latitude Longitude Central Pressure (hPa) Max Speed (m/s)

2023 7 25 6 18.3 123.7 915 62
2023 7 25 12 18.8 122.8 925 58
2023 7 25 18 19 121.6 925 58
2023 7 26 0 18.9 121.3 930 55
2023 7 26 6 19.3 121 940 50
2023 7 26 12 19.6 120.6 945 48
2023 7 26 18 20 120 945 48
2023 7 27 0 20.7 119.7 950 45
2023 7 27 3 20.9 119.5 950 45
2023 7 27 6 21.1 119.3 945 48
2023 7 27 9 21.4 119.2 935 52
2023 7 27 12 21.8 119.1 930 55
2023 7 27 15 22.2 119 930 55
2023 7 27 18 22.8 118.9 930 55
2023 7 27 21 23.5 118.9 940 50
2023 7 28 0 24.1 118.8 948 48
2023 7 28 3 24.9 118.5 965 38
2023 7 28 6 25.5 118.1 980 30
2023 7 28 9 26.2 117.9 990 25
2023 7 28 12 26.9 117.5 992 23
2023 7 28 15 27.7 117.2 995 20
2023 7 28 18 28.2 117.1 996 18
2023 7 28 21 29.3 116.7 996 15

2.4. Sea-Level Rise Scenarios

To assess potential future impacts of sea-level rise (SLR) on storm surge extremes and
coastal inundation risk in the Fujian nearshore, three static SLR scenarios were adopted
based on the authoritative conclusions of the IPCC Sixth Assessment Report (AR6) and the
projection ranges from the CMIP6 multi-model ensemble: +0.3 m, +0.5 m, and +1.0 m. The
scenario selection is scientifically grounded; under a medium-emission pathway (SSP2-4.5),
AR6 projects global mean SLR by 2100 of approximately 0.44–0.76 m, while under a
high-emission pathway (SSP5-8.5), the range is roughly 0.63–1.01 m [2]. In this study,
+0.3 m represents a relatively high mid-century estimate, +0.5 m corresponds to a central
2100 estimate under a medium-emission pathway, and +1.0 m covers an extreme high-end
outcome under aggressive emissions and therefore provides a conservative design margin
for engineering applications. These choices are consistent with global probabilistic SLR
assessments [40] and with the AR6-derived ranges cited above. This selection therefore
aims to span a plausible envelope of future mean sea-level change to inform both near-term
adaptation and longer-term planning.

Numerically, we adopt a static mean-surface elevation uplift to isolate the direct effect
of mean SLR on surge dynamics; this control-variable approach is commonly used in surge
climate assessments [41] and permits straightforward attribution of hydrodynamic changes
to the prescribed elevation increment.

For clarity on numerical implementation, the static SLR scenarios are imposed relative
to the Mean Sea Level (MSL) datum, which is the consistent vertical reference used for the
bathymetric data (GEBCO_2023) and the tidal boundary forcing. The prescribed “static SLR”
was imposed a priori in the model inputs rather than added post-processing. Concretely, the
same constant ∆SLR (+0.3, +0.5, +1.0 m) was added both to the bathymetric/bed-elevation
field (thereby increasing nodal water depth) and to all open-boundary tidal sea-level time
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series before any FVCOM runs. For each scenario, we ran (1) tidal-only simulations using
the adjusted boundary time series to obtain the scenario-specific astronomical tide base-
line, and then (2) full dynamical storm simulations driven by the hybrid Holland–ERA5
wind forcing using the same adjusted boundaries and initial water depths. All other
model settings (vertical σ layers, wetting–drying threshold, bottom-friction parameters,
time step, etc.) were held identical across scenarios to isolate the effect of the fixed elevation
uplift. Because SLR was included in the dynamic model runs, the results reflect both the di-
rect elevation shift and any nonlinear hydrodynamic consequences. All model outputs are
archived at hourly resolution and processed using standardized post-processing routines
for extreme-value extraction and statistical analysis, ensuring rigorous and reproducible
comparisons across scenarios.

It should be noted that the static scenario approach focuses on the direct incremental
effect of SLR. It does not account for potential long-term changes in tropical cyclone climate
(e.g., intensity or track shifts) associated with climate change [3], nor does it explicitly
include nonlinear feedback that SLR may induce via changes in local depth, tidal amplitude
modulation [24], or altered surge propagation [25]. These dynamical factors are important
avenues for future work and are discussed in Section 4.5. Nevertheless, the static-scenario
framework provides a defensible baseline for risk assessment; its results are essential for
understanding the direct consequences of SLR and for developing preliminary adaptation
strategies [6]. Through this systematic experimental design, the study aims to quantify how
different SLR magnitudes affect extreme total water levels and the storm surge component
along the Fujian coast, thereby providing a scientific basis for regional surge risk assessment
and adaptation planning.

2.5. Model Validation and Statistical Metrics

The hydrodynamic simulation period covers UTC 21 July 2023 00:00:00 to 31 July 2023
23:00:00. Observational datasets used for model validation include tide and current records
from the China National Oceanographic Data Center and the China National Marine
Information Center (compiled in the national Tide Tables), total water level data at Xiamen
and Dongshan stations from the China Marine Disaster Yearbook 2023, typhoon maximum
wind observations from the China Meteorological Administration (CMA) best-track reports,
and surge-peak/disaster records referenced from the China Marine Information Service’s
2023 marine disaster bulletin. Model performance is evaluated using the Pearson correlation
coefficient r, root mean square error (RMSE), and mean bias (Bias), defined as

Pearson r =
∑ n

i=1(yi − y)(
ˆ
yi −

ˆ
y)√

∑ n
i=1(yi − y)2·∑ n

i=1(
ˆ
yi −

ˆ
y)2

(10)

RMSE =

√√√√ 1
N

N

∑
i=1

(yi −
ˆ
yi)

2 (11)

Bias =
1
N

N

∑
i=1

( ˆ
yi − yi

)
(12)

where yi denotes observations and
ˆ
y denotes modeled values.

2.6. Extreme-Value Extraction and Buffer Analysis

To evaluate coastal exposure systematically, we sample the coastline at regular inter-
vals and construct along-shore normal buffers extending seaward with radii from 500 m
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to 5000 m. These buffers support the analysis of storm surge extremes and inundation
statistics at multiple nearshore scales. Given the unstructured triangular mesh represen-
tation, two complementary element-level extreme-value extraction methods are defined
and compared:

Method A (cell-averaged then time-max): At each time step, the arithmetic mean
of surge at the three vertices of a triangular element is computed to yield the element’s
instantaneous surge, and the temporal maximum of this series is taken as the element
extreme. This approach smooths node-scale variability and short-lived spikes, making it
suitable for representing regional averages and mesoscale risk assessments [10,42].

Method B (node-max then assign to cell): The temporal maximum surge is first
extracted at every mesh node; for each triangular element, the maximum of its three vertex
node extremes is then assigned as the element extreme. Method B is more sensitive to
local peaks and better captures amplification associated with narrow estuaries, shoals, and
tidal channels, thus serving engineering design and operational warning applications that
require fidelity to node-scale extremes.

Because this study focuses on identifying local high-risk areas for coastal engineering
and inundation assessment, we adopt Method B (node-maximum then assign to cell) as
the standard extreme-value extraction procedure for spatial mapping and subsequent
quantitative analyses. Consequently, the storm surge spatial distributions, the Xiamen sea-
level-rise spatial maps, and the sensitivity-analysis comparison maps for bottom friction
and wind perturbations are all produced using Method B. For transparency, Section 3.2
presents a comparative analysis of Methods A and B.

For regional statistics and policy relevance, the Fujian coastal zone is partitioned into
administrative segments (Ningde, Fuzhou, Putian, Quanzhou, Xiamen, Zhangzhou, and
adjacent islands). Within each administrative segment, buffer elements are aggregated,
and key indicators are reported, including element count, buffer area, area-weighted mean
peak surge, and estimated inundation area. The buffer-level area-weighted mean (unit area
1 m2) peak surge is defined as

ηband =
∑i∈band Ai ηmax

i
∑i∈band Ai

(13)

where Ai is the element area and ηmax
i is the element maximum surge (determined ac-

cording to the chosen extraction method). This weighting mitigates biases introduced by
heterogeneous mesh resolution and enables fairer comparisons among regions [6,43]. The
spatial statistics framework is intended to provide fine-scale quantitative support for storm
surge zoning and disaster-management decision-making in the Fujian coastal zone.

2.7. Sensitivity Experiment Design

To systematically assess the influence of key model parameters and meteorological forc-
ing uncertainty on surge simulations, two sets of sensitivity experiments are designed: one
targeting bottom friction parameterization and the other targeting wind field intensity.

2.7.1. Bottom-Friction Sensitivity Experiments

Bottom friction is parameterized by two independent variables: bottom roughness
parameter (z0) (unit: m) and a minimum drag coefficient (Cd,min). Baseline values are
z0 = 8.0 × 10−5 m and Cd,min = 0.0035. Recognizing the documented spatial variability
and uncertainty of bottom friction [44], each baseline parameter is perturbed by ±50%,
producing z0 = [4.0 × 10−5, 8.0 × 10−5, 1.2 × 10−4] m and Cd,min = [0.00175, 0.0035, 0.00525].
These combinations yield six representative cases (case1–case6), which are compared to
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the baseline case (case0) (see Table 2 for details). The perturbation range is consistent with
sensitivity ranges used in previous East China Sea surge studies [44,45].

Table 2. Bottom friction sensitivity experiment parameters (Case 0–Case 6: baseline and
±50% perturbations of z0 and Cd,min).

Case Bottom Roughness Parameter z0(m) Minimum Drag Coefficient Cd,min(-)

case0 0.00008 0.0035
case1 0.00004 0.0035
case2 0.00012 0.0035
case3 0.00008 0.00175
case4 0.00008 0.00525
case5 0.00012 0.00525
case6 0.00004 0.00175

It is important to clarify that Cd,min represents a lower bound of the drag coefficient Cd

applied in regions where vertical resolution is insufficient to resolve the bottom boundary
layer (e.g., deep shelf waters), following the parameterization framework of ROMS, ECOM,
and FVCOM [33,42]. The bottom roughness length z0 is converted to Cd via the logarithmic
wall law

Cd =

 k

ln
(

zab
z0

)
2

(14)

where k = 0.4 is the von Kármán constant and zab is the bottom grid cell height. The actual
bottom friction stress is calculated nonlinearly as τ = ρCd | u | u (ρ: seawater density;
u: current speed), so a 50% change in Cd,min (e.g., 0.0035→0.00525) does not imply linear
variation in τ (typically inducing ~30% stress change for moderate currents).

For each parameter combination, we perform two types of simulations: tidal-only runs
and full storm-forcing surge runs. This design isolates the distinct responses of tidal dynam-
ics and wind-driven surge to bottom-friction parameter changes [10], thereby characterizing
the relative role of friction in modulating tide propagation and surge energy dissipation.

2.7.2. Wind Intensity Sensitivity Experiments

Given ERA5’s documented tendency to underestimate near-core wind intensity [12]
and the intrinsic uncertainty in hybrid wind field construction, a controlled experiment
suite is implemented to assess how wind intensity errors propagate to surge response.
Starting from the baseline blended wind field, the anomalous wind component during
the storm’s main impact period is identified and scaled by 0.8, 0.9, 1.1, and 1.2 to generate
four wind scenarios (Case1–Case4). This procedure alters only wind magnitude while
preserving spatial structure and temporal phasing, thereby isolating the effect of wind-
speed changes on surge response [41].

The linear scaling of wind speed perturbs the surface wind stress nonlinearly [46],
which is expected to produce a non-proportional surge response. In these wind-sensitivity
experiments (Case1–Case4), the bottom-friction parameters and all other physical parame-
terizations are maintained identical to the baseline case. This experimental design isolates
the effect of wind intensity variations.

Consequently, all simulations in this suite utilize the same FVCOM configuration
detailed in Section 2.2, encompassing the computational mesh, vertical layering, time step-
ping, and turbulence closure scheme. Any differences in the model outputs—which include
hourly time series of total water level, astronomical tide, and derived storm surge—can
therefore be attributed unequivocally to the prescribed changes in wind intensity. These out-
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puts form a consistent basis for the quantitative analyses in Section 3.4 and the mechanistic
discussions in Section 4.3.

3. Results
3.1. Model Validation
3.1.1. Tide (Astronomical Tide) Validation

Figure 3 and Table 3 present time-series comparisons and statistical metrics for
simulated and predicted astronomical tide from the national Tide Tables at five tide
stations: Shihu, Shenhugang, Weitou, Xiamen, and Dongshan. The model captures the am-
plitude and phase of the principal tidal signals at all stations, with correlation coefficients
(Pearson r) exceeding 0.97 (Shihu 0.979, Shenhugang 0.986, Weitou 0.985, Xiamen 0.992,
Dongshan 0.993). For example, at Shihu, the national Tide Tables peak tide was 1.58 m at
20:00 UTC on 25 July 2023, whereas the simulated peak was 1.51 m, giving an absolute
error of 0.07 m and identical peak timing. The scatter plot (Figure 4) further shows that
simulated values cluster tightly about the 1:1 line, the regression slope is close to unity, and
no substantial systematic bias is apparent.

 

Figure 3. Observed vs. modeled tidal time series at five tide stations (UTC 25 July 2023 16:00–29 July
2023 15:00). Vertical datum: water levels are referenced to the long-term Mean Sea Level (MSL).

Table 3. Tide water level validation statistics for five tide stations.

Station/Tide Water Level Number of Samples Longitude Latitude Pearson r Bias (m) RMSE (m)

Shihu 96 118.7 24.8167 0.9789 0.0544 0.2018
Shenhugang 96 118.6667 24.6333 0.9858 −0.0041 0.1607

Weitou 96 118.5667 24.5167 0.9854 −0.058 0.1742
Xiamen 73 118.0667 24.45 0.9922 −0.0285 0.1523

Dongshan 96 117.5167 23.75 0.9933 0.0305 0.091
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Figure 4. Scatter plot of observed vs. simulated tide water levels with regression statistics. Vertical
datum: water levels are referenced to the long-term Mean Sea Level (MSL).

The root mean square errors (RMSE) range from approximately 0.09 to 0.20 m across
the stations (Table 3). The discrepancies here (up to ~0.2 m during extreme high water)
are not uncommon for high-resolution, coupled tide–storm surge simulations along topo-
graphically complex coastlines like Fujian, and can arise from multiple sources: phase and
amplitude errors in open-boundary tidal forcing, uncertainties introduced by nearshore
bathymetric and coastline simplification, and spatially nonuniform effects of bottom-friction
parameterization on tide propagation and dissipation [10,21,44]. In addition, nonlinear
tide–wave interactions under strong wind forcing and far-field wave propagation can mod-
ulate high-water residuals [22,23]. Further analysis and targeted numerical experiments
addressing these error sources are presented in Sections 3.4 and 4.3.

3.1.2. Current (Speed/Direction) Validation

Figure 5 shows time-series comparisons of observed and simulated current speed and
direction at four tidal-current stations located at the northern and southern entrances of
the Taiwan Strait. As summarized in Table 4, the model captures the periodic variability
and peak characteristics of current speed reasonably well; Pearson r for speed ranges from
0.79 to 0.93 and RMSE values lie between 0.096 and 0.140 m/s, indicating that the modeled
hydrodynamic background is adequate to support storm surge simulation [10].

Discrepancies appear in current direction, with direction RMSEs between 33.6◦

and 52.6◦, and the deviations are most pronounced during rapid direction changes or
high-speed phases. Directional errors of this magnitude are not uncommon in coastal
models for complex bathymetry [47]; the physical mechanisms and implications for the
present study’s objectives are discussed in Section 4 in conjunction with sensitivity experi-
ment results. Given that this study focuses on surge maxima driven principally by wind
stress and pressure gradients, and since the model reproduces astronomical tides and surge
time series satisfactorily (Sections 3.1.1 and 3.1.3), the documented direction errors are not
expected to materially affect conclusions regarding surge peak water levels.
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Figure 5. Time series comparison of observed vs. simulated current velocity and direction at four
current stations.

Table 4. Statistical metrics for observed vs. simulated current velocity and direction at four
current stations.

Station/Speed Number of Samples Longitude Latitude Pearson r Bias (m/s) RMSE (m/s)

TSNM 1 96 119.755 25.37 0.8896 −0.013 0.0957
TSNM 2 96 120 25 0.926 −0.093 0.1248
TSSM 1 96 118.3333 23.5283 0.8306 −0.1012 0.1401
TSSM 2 96 118 23.5 0.7897 −0.071 0.1151

Station/Direction Number of samples Longitude Latitude Pearson r Bias (◦) RMSE (◦)

TSNM 1 96 119.755 25.37 0.5024 6.44 38.62
TSNM 2 96 120 25 0.7123 −13.3 52.59
TSSM 1 96 118.3333 23.5283 0.8843 −5.93 33.61
TSSM 2 96 118 23.5 0.8423 12.82 43.15

3.1.3. Forcing Wind Field Validation

This subsection evaluates the Holland–ERA5 hybrid wind field constructed in
Section 2.3 against near-surface observations for Typhoon Doksuri. As shown in Figure 6,
maximum wind speeds derived from the hybrid field match CMA best-track observations
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closely, yielding a Pearson r = 0.974. This represents a substantial improvement over
the direct use of ERA5 reanalysis which systematically underestimates near-core wind
intensity [12,35].

 

Figure 6. Scatter plot of observed maximum wind speed (CMA typhoon reports) vs. modeled
Holland + ERA5 maximum wind speed.

To illustrate spatial improvements, Figures 7 and 8 present comparative sequences of
the original ERA5 and the hybrid wind fields at 6 h intervals from 18:00 UTC 26 July to
00:00 UTC 28 July 2023. The hybrid field exhibits a more compact wind-speed gradient
and stronger extrema near the typhoon center, more faithfully representing the inner-
core pressure–wind structure. Such structural improvements are crucial for accurately
representing the primary drivers of storm surge—wind stress and pressure gradients—and
their hydrodynamic effects are examined further in the wind field sensitivity analysis
(Section 3.4).

Figure 7. ERA5 reanalysis wind speed fields (26 July 2023 18:00–28 July 2023 00:00 UTC, six-hourly
intervals; subplots (a–f)).
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Figure 8. Holland + ERA5 hybrid wind speed fields (26 July 2023 18:00–28 July 2023 00:00 UTC,
six-hourly intervals; subplots (a–f)).

3.1.4. Water-Level Validation

Driven by the validated Holland–ERA5 hybrid wind field, the FVCOM was used to
simulate the full storm surge evolution of Typhoon Doksuri.

Figure 9 shows time-series comparisons of observed and simulated total water level
(astronomical tide + surge) at two representative tide stations, Xiamen and Dongshan.
The agreement with observations is strong; Xiamen achieves Pearson r = 0.987 and
RMSE = 0.198 m and Dongshan achieves Pearson r = 0.985 and RMSE = 0.136 m. The
model captures both the water level peak magnitudes and their temporal evolution, indi-
cating that the high-resolution mesh, physical parameterizations, and hybrid wind forcing
collectively provide a reliable representation of surge dynamics.

Taken together, the validation results in Sections 3.1.1–3.1.4 indicate robust model
performance for astronomical tide, hybrid wind forcing, and water levels. Although
localized deviations of ~0.1–0.2 m and directional errors exist, the overall accuracy satisfies
the requirements of subsequent extreme-value analyses and SLR-impact assessments.

3.2. Spatiotemporal Characteristics of Storm Surge and Coastal Exposure Analysis

Figure 10 displays an hourly water level and storm surge time series for major tide
stations during Typhoon Doksuri. Simulated surge and water level peaks at most coastal
stations concentrate between 22:00 and 23:00 UTC on 27 July 2023, reflecting the co-control
of typhoon track, distribution of maximum winds and tidal phase on peak timing. Spatially
(Figure 11), surge is markedly amplified in the nearshore zone, with pronounced local en-
hancement in recessed coastlines, estuaries and shoal areas. These nearshore amplification
effects can be explained by geometric confinement and energy-convergence mechanisms in
shallow areas; shoals and estuaries concentrate tidal- and wind-driven flow, thereby ampli-
fying sea-level response [24,32]. The distribution of maximum total water level (Figure 12)
further shows substantially higher maxima near the shore relative to offshore, with the
localized maximum water level approaching ~2.8 m—typical of terrain–tide–wind coupling
amplification and consistent with regional and global analyses [48].
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Figure 9. Time series comparison of observed vs. simulated water levels at Xiamen and Dongshan
stations. Vertical datum: water levels are referenced to the long-term Mean Sea Level (MSL).

 

Figure 10. Time series of astronomical tide, total water level, and storm surge at Shihu, Shenhugang,
Weitou, Xiamen, and Dongshan Stations (UTC 26 July 2023 to 30 July 2023).
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Figure 11. Spatial distribution of maximum storm surge during Typhoon Doksuri; unit: m. (a–d) are
close-up views of specific nearshore areas corresponding to the marked regions in the main panel.

 

Figure 12. Spatial distribution of maximum total water level during Typhoon Doksuri; unit: m. (a–d)
are close-up views of specific nearshore areas corresponding to the marked regions in the main panel.

https://doi.org/10.3390/jmse14010005

https://doi.org/10.3390/jmse14010005


J. Mar. Sci. Eng. 2026, 14, 5 20 of 35

To systematically assess the sensitivity of coastal exposure to statistical scale and
extreme-value extraction method, buffers with radii from 500 m to 5000 m were constructed
normal to the coastline (Figure 13, left). Two reduction methods were compared: Method A
(cell-averaged then time-max) and Method B (node-max then assign to cell). City-grouped
statistics based on Method B are presented in Figure 13 (right), and detailed values are
given in Appendix A, Table A1. Comparing these extraction procedures highlights the
inherent trade-off between representing local extreme values and achieving stable spatial
statistics, which is a crucial aspect of scale-dependent risk assessment.

Figure 13. Composite map for buffer analysis. Left: Coastline map divided by administrative divi-
sions (Ningde, Fuzhou, Putian, Quanzhou, Xiamen, Zhangzhou, and adjacent islands). Right: Maxi-
mum storm surge extraction via Method B at 5000 m buffer distance.

Statistics show that the node-based extraction (Method B) systematically yields
larger area-normalized maximum surge values than the cell-averaged extraction (Method
A) for all cities and buffer scales (Appendix A, Table A1). Absolute differences
(∆ = mean_B − mean_A) range from 0.006 to 0.034 m, corresponding to relative differ-
ences of ≈0.8–4.5%. These positive ∆ values indicate the methodological sensitivity of the
reduction procedure—Method B preserves node-scale extremes (and thus captures local
spikes in narrow estuaries, shoals and channels), while Method A’s element-level averaging
suppresses such spikes and better represents regional means.

Area-weighted maximum storm surge: As buffer width increases from 500 m to
5000 m the area-weighted maximum surge generally declines across most cities (Figure 14),
indicating that surge magnitudes are concentrated in the immediate nearshore and are
progressively diluted when larger offshore areas—whose surge values are systematically
lower—are included. For example, Fuzhou’s area-weighted peak falls substantially when
the buffer is expanded to 5 km (from 0.7814 m (500 m) to 0.6676 m (5000 m), a reduc-
tion of 0.1138 m (≈14.6%), see Appendix A, Table A1), illustrating the strong nearshore
concentration of surge response.
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Figure 14. Line charts of maximum storm surge per unit area (1 m2) vs. buffer distances (500–5000 m)
in coastal waters near Ningde, Fuzhou, Putian, Quanzhou, Xiamen, and Zhangzhou. Left: Method A;
Right: Method B.

This near-shore concentration reflects two complementary sets of causes. The first
is physical mechanisms. Narrow coastal features such as shoals, tidal flats, estuarine
channels and confined inlets promote geometric constriction and energy convergence,
amplifying water levels via shallow-water nonlinearities, cross-shore convergence, and
reflection; in very shallow zones, the coupling between wind stress and near-bed dynamics
further enhances local sensitivity to meteorological forcing. The second is methodological
and statistical factors. Area-weighted buffer statistics give greater weight to immediate
nearshore elements in narrow bands, so narrow buffers emphasize node-scale maxima
while wider buffers incorporate many lower-surge offshore elements that reduce the mean;
additionally, finer nearshore mesh resolution increases the likelihood of resolving sharp
local maxima, thereby amplifying the effect of node-based extraction.

Figure 14 also exposes clear spatial heterogeneity in Fujian’s response to Typhoon
Doksuri; different cities exhibit distinct cross-shore decay behaviors. For instance, Xi-
amen shows a relatively rapid decline in area-weighted peak between the 500 m and
1000 m bands (4.3%~4.5%), whereas Fuzhou exhibits a much larger cumulative decline
across the 1000–5000 m range (14.7%~15.8%), indicating that Doksuri’s nearshore amplifi-
cation is more spatially concentrated in some locations than others. In contrast, cities such
as Zhangzhou display much smaller buffer-scale declines and therefore a more diffuse
surge footprint. These inter-city contrasts likely arise from the interplay of local geomor-
phology (presence, geometry and connectivity of shoals, tidal flats and channels), local
hydrodynamic focusing, and the mesh resolution that governs how node-scale extremes
are sampled.

Small percentage differences in surge estimates can have substantial implications for
urban flood risk and infrastructure design, as minor variations in extreme water levels
may translate into disproportionately large economic losses in coastal cities [9]. Therefore,
high-resolution, physically consistent modeling frameworks—such as those resolving
nearshore amplification and cyclone-induced extremes—are essential to provide reliable
inputs for coastal adaptation and flood-protection planning [48].

3.3. Sea-Level Rise (SLR) Impacts on Storm Surge

Using the static SLR scenarios described in Section 2.4, we systematically assess the
effect of SLR magnitude on extreme water levels. Figure 15 shows peak total water level
and maximum storm surge at five representative tide stations under four SLR scenarios
(0 m, +0.3 m, +0.5 m, +1.0 m). Figure 16 maps the spatial distributions of maximum storm
surge and maximum total water level in the Xiamen nearshore under Method B for each
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SLR case. Figure 17 depicts how area-normalized maximum surge at buffer scales responds
to SLR for six coastal cities.

 

Figure 15. Bar charts of station-level maximum storm surge and maximum water level during storm
surge under sea-level rise scenarios (0 m, 0.3 m, 0.5 m, 1 m). Top: maximum storm surge height
(Y-axis). Bottom: maximum water level (Y-axis).

At the station scale, SLR produces a systematic uplift of peak total water levels. Un-
der +0.3 m SLR total peaks increase by 0.263–0.340 m across stations; under +0.5 m, by
0.470–0.591 m; and under +1.0 m, by 1.022–1.182 m. The relationship between total peak
increase and imposed SLR is approximately linear, consistent with multi-regional studies
showing direct elevation of extreme water-level distributions under mean SLR [6,40]. No-
tably, under the +1.0 m scenario, some stations (e.g., Shihu) exhibit increases slightly larger
than simple static superposition would predict, suggesting modest nonlinear amplification.

By contrast, the maximum storm surge component responds nonlinearly, and with
marked spatial heterogeneity, to SLR. Changes in station maximum surge are much smaller
than changes in total water level (typical magnitudes ±0.06 m) and vary by station;
Shihu shows a fluctuating upward trend with SLR, Shenhugang decreases slightly under
low-to-mid SLR and increases at +1.0 m, and Dongshan exhibits a monotonic decrease
across SLR scenarios. These differing responses reflect complex modulation of surge by
local bathymetry, tidal dynamics, and wind pressure coupling [24,40]. Such nonlinear
and spatially heterogeneous responses to SLR are consistent with findings from other
semi-enclosed systems, such as Laizhou Bay [49] and Chesapeake Bay [50], where local
bathymetry and wetland migration were also found to modulate surge propagation and
extreme water levels.
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Figure 16. Maximum storm surge and water level in Xiamen coastal waters ((a–d) = SLR
0/0.3/0.5/1 m).

Figure 17. Area-normalized maximum storm surge response to sea-level rise (baseline–1.0 m) across
buffer scales (1000 m, 2500 m, 4500 m) and extraction methods for six coastal cities in Fujian.

At the buffer scale, the response of the area-normalized maximum storm surge to
sea-level rise (SLR) depends strongly on the spatial scale, the extreme-value extraction
method, and local coastal geomorphology. As presented in Figure 17, the node-based
extraction method (Method B) consistently yields higher area-normalized surge maxima
than the cell-averaged method (Method A) for any given buffer width, owing to its ability
to retain local peaks at narrow estuaries and shoals.

Under the different SLR scenarios (+0.3 m, +0.5 m, +1.0 m), the area-normalized surge
exhibits two distinct spatial patterns.

The first pattern, observed in Fuzhou and Zhangzhou, is characterized by a nearly
monotonic decrease with increasing SLR. For instance, at the 1000 m buffer using Method B,
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the area-normalized maximum surge in Fuzhou declines from 0.7929 m under the baseline
to 0.6463 m under the +1.0 m SLR scenario; Zhangzhou shows a similar decreasing trend.

The second pattern, seen in Ningde, Quanzhou, Putian, and Xiamen, displays an initial
increase under the low SLR scenario (+0.3 m) followed by a decrease under higher SLR
increments. Taking Ningde as an example, at the 2500 m buffer and method A, the value
rises from 0.5802 m in the baseline to 0.5857 m under +0.3 m SLR, then falls to 0.5575 m
under the +1.0 m scenario.

These response trends remain consistent across all buffer widths. Moreover, the
difference between the results obtained with Method A and Method B diminishes as the
buffer width increase, indicating that regional averaging over a larger area smooths out
local extremes.

The observed nonlinearity arises from a combination of physical and methodolog-
ical mechanisms. In regions where the surge decreases monotonically (Pattern 1), the
primary driver is likely the reduction in effective bottom friction as water depth increases,
which allows surge-induced flows to disperse more efficiently and weakens shallow-water
amplification. For instance, a decrease in the effective friction coefficient in estuarine
regions such as the Minjiang River mouth could substantially reduce local surge peaks.
Methodologically, the “dilution effect” also contributes as SLR expands the wetted area,
the inclusion of more offshore elements with lower surge magnitudes statistically lowers
the area-weighted mean.

The initial increase under low SLR (Pattern 2) can be attributed to a transient en-
hancement of local dynamics. Firstly, a limited water-level rise (+0.3 m) may temporarily
strengthen topographic amplification in certain configurations, such as in semi-enclosed
bays (e.g., Xiamen Bay) or funnel-shaped estuaries, where the existing geometry focuses
surge energy more effectively under slightly increased depths. Secondly, SLR can modify
the phasing between the astronomical tide and the storm surge component, potentially
leading to a closer alignment of the surge peak with high tide under the +0.3 m scenario
and thus a temporary synergistic increase. However, as SLR progresses to +0.5 m and
+1.0 m, the continuing reduction in bottom friction and the growing importance of the
statistical dilution effect eventually overwhelm these amplifying mechanisms, resulting in
an overall decrease in area-normalized surge.

In summary, although extreme total water levels increase approximately linearly
with SLR, the storm surge component itself exhibits a complex, spatially heterogeneous
nonlinear response. This pattern reflects a dynamic balance among topographic focusing,
frictional dissipation, and statistical averaging, underscoring the necessity of multi-scale
and spatially explicit approaches for future SLR-informed coastal risk assessments.

3.4. Sensitivity Experiments

Using the parameter combinations designed in Section 2.7, we systematically evaluate
the influence of bottom-friction parameterization and wind field intensity uncertainty on
simulated outcomes. The bottom-friction sensitivity suite varies the bottom roughness
parameter z0 (0.00004–0.00012 m) and minimum drag coefficient Cd,min (0.00175–0.00525)
across six cases; the wind intensity suite scales the anomalous wind component during
peak periods by factors 0.8–1.2.

Tidal-only simulations indicate that station-scale tidal reconstruction is robust across
these friction cases: Pearson correlation coefficients (r) at the five tide gauges remains in the
0.97–0.99 range and RMSE varies between 0.09 and 0.27 m (Figure 18), with only modest
inter-case differences. This suggests limited sensitivity of bulk tidal amplitudes at the tested
tide-gauge locations to the prescribed friction perturbations [21].
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Figure 18. Line chart of bottom-friction sensitivity: RMSE and Pearson r across cases.

Validation of currents (Table 5; Appendix A, Table A2) reveals that the adjustments
to bottom-friction parameters yield differentiated impacts across observation sites but do
not lead to a consistent or substantial improvement in matching the observed velocity
and direction. For instance, while Cases 3 and 6 improve speed RMSE at several stations
(e.g., TSNM1 RMSE decreases from 0.0957 in Case 0 to 0.0885 in Case3, with Pearson r im-
proving from 0.8896 to 0.9117), Cases 4 and 5 degrade speed accuracy at others (e.g., TSNM1
RMSE ≈ 0.105). Overall, the friction perturbations could not effectively enhance the model’s
skill in replicating the current patterns. Directional errors still remain, with RMSE ranging
from 33.6◦ to 53.9◦ (Pearson r ≈ 0.47–0.89). These persistent discrepancies in both speed
and direction suggest that the errors likely originate from other factors, such as inaccuracies
in the bathymetric and topographic data, rather than from the parameterization of bottom
friction alone.

Table 5. Selected validation metrics (speed RMSE and Pearson r) at four tidal-current stations for
representative bottom-friction cases; full metrics for all cases are provided in Appendix A, Table A2.

Case TSNM1 RMSE
(m·s−1)

TSNM1
Pearson r

TSNM2 RMSE
(m·s−1)

TSNM2
Pearson r

TSSM1 RMSE
(m·s−1)

TSSM1
Pearson r

TSSM2 RMSE
(m·s1)

TSSM2
Pearson r

case0 0.0957 0.8896 0.1248 0.926 0.1401 0.8306 0.1151 0.7897
case3 0.0885 0.9117 0.1134 0.9276 0.1099 0.8806 0.0898 0.8405
case6 0.0895 0.91 0.1131 0.9276 0.107 0.8852 0.088 0.8437
case4 0.105 0.8769 0.1304 0.9229 0.158 0.7946 0.1312 0.7554

Under storm conditions, the impact of bottom friction shows pronounced spatial
heterogeneity. Xiamen achieves its best fit under the baseline and Case 2 parameters
(Pearson r ≈ 0.987, RMSE ≈ 0.198 m), whereas Dongshan performs best when minimum
drag coefficient Cd,min = 0.00525 (case4/case5; RMSE ≈ 0.124 m). Spatial maps of the surge
difference (Case–Base) in Figure 19 further illustrate this complex response. The differences
generally range between –0.3 m and +0.3 m. The color distribution in the figures clearly
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shows the spatial pattern; red areas indicate an increase in storm surge after perturbations
to the bottom roughness parameter z0 and minimum drag coefficient Cd,min, while blue
areas indicate a decrease. Specifically, Cases 3 and 6 induce increased surge (red) north of
Taiwan Island but decreased surge (blue) in parts of the Taiwan Strait. These significant
adjustments are predominantly concentrated in shallow and geometrically complex areas,
whereas vast offshore and deeper regions (white) show minimal change. These inter-station
contrasts reflect how friction modulates nearshore velocity structure, energy dissipation
and tide–surge interactions; such spatially effects of bottom roughness parameter z0 and
minimum drag coefficient Cd,min on local tidal dynamics and extreme water levels have
been documented in regional FVCOM studies [51].

Figure 19. Spatial distribution maps of maximum storm surge difference (Case–Base) for friction
sensitivity experiments ((a–f) = Case 1–Case 6).

Hourly statistics from the wind intensity sensitivity experiments show limited vari-
ation in station-level Pearson r, RMSE and bias at Xiamen and Dongshan across the
±20% wind-speed scenarios (Table 6), indicating a degree of robustness in time-series
fit. However, spatial fields reveal a more complex, scale-dependent response (Figure 20);
reducing the anomalous wind component to 0.8× typically decreases surge by ~0.10–0.20 m
across broad nearshore areas, whereas amplifying winds to 1.2× can induce substantially
larger, highly localized increases at sensitive features such as shoals and estuarine mouths.
The response is markedly nonlinear and asymmetric—modest wind strengthening can
trigger pronounced local amplification, while equivalent proportional wind weakening pro-
duces a comparatively muted suppression. This behavior reflects nonlinear coupling among
wind stress, bathymetry, and tidal phase, and is consistent with previous work demon-
strating that wind field errors and parameter choices can transfer nonlinearly into surge
response and that local geomorphic and frictional settings modulate that transfer [12,45].
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Consequently, when providing design surges for engineering applications, it is advisable
to report both station-scale time-series metrics and spatial sensitivity ranges to capture this
scale-dependent, nonlinear uncertainty.

Table 6. Statistical evaluation results of wind speed sensitivity experiments—effects of wind field
intensity scaling factors (0.8–1.2) on storm surge at Xiamen and Dongshan stations.

Case Scale Station Person r Bias (m) RMSE (m)

case0 1.0
Xiamen 0.9872 0.0795 0.1984

Dongshan 0.9854 −0.0009 0.1356

case1 0.8
Xiamen 0.9867 0.0783 0.2009

Dongshan 0.9853 −0.0023 0.1338

case2 0.9
Xiamen 0.9868 0.078 0.2002

Dongshan 0.9853 −0.0018 0.135

case3 1.1
Xiamen 0.9869 0.0802 0.2007

Dongshan 0.9857 0.0007 0.1363

case4 1.2
Xiamen 0.9857 0.0776 0.2079

Dongshan 0.9858 0.0018 0.1374

 

Figure 20. Spatial distribution of storm surge difference (Case–Base). Wind speed sensitivity Exp.
((a–d) = Case 1~Case 4).

In summary, the sensitivity experiments show that station-scale tidal reconstruc-
tions are broadly robust to the tested bottom-friction perturbations, whereas simulated
surge peaks are highly sensitive in a spatially heterogeneous manner—with the largest
friction-induced changes occurring in shallow, geometrically complex nearshore zones.
Wind intensity uncertainty further modulates surge extremes through nonlinear and
asymmetric mechanisms: modest wind strengthening can produce disproportionately
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large local amplifications at shoals and estuary mouths, while equivalent wind weaken-
ing yields comparatively muted reductions. Collectively, these results underscore the
need to account explicitly for spatial sensitivity and nonlinear uncertainty when optimiz-
ing friction parameters and when reporting design surges for engineering applications
(i.e., provide both station-scale fit metrics and spatial/ensemble sensitivity ranges to sup-
port uncertainty-aware risk assessment).

4. Discussion
4.1. Summary of Key Findings

Using a high-resolution FVCOM framework driven by a Holland–ERA5 hybrid wind
field, this study successfully reproduced the storm surge events induced by Super Ty-
phoon Doksuri (2023) in the coastal waters of Fujian. Model validation indicates strong
performance—astronomical-tide Person r at five tide gauges ranges from 0.979 to 0.993,
and hourly total water level time series at Xiamen and Dongshan achieve Pearson r = 0.987
and 0.985 with RMSE = 0.198 m and 0.136 m, respectively (Section 3.1). Surge maxima
concentrate near 22:00–23:00 UTC on 27 July 2023. Pronounced local amplification was
observed at nearshore shoals, bay entrances, and prominent headlands, where the maxi-
mum storm surge (purely meteorologically induced water level anomaly) exceeded 0.8 m
locally (Figure 11). When combined with the astronomical tide, the resulting total water
level reached heights above 2.8 m in these same sensitive areas (Figure 12).

Multi-scale buffer analysis revealed that the choice of extreme-value extraction method
significantly influences estimated surge exposure; the node-based approach (Method B)
systematically yielded local peaks that were 0.8% to 4.5% higher than those from the
cell-averaged method (Method A), highlighting the critical role of method selection in
applications requiring fidelity to local extremes, such as infrastructure design. Furthermore,
surge magnitude was found to be strongly concentrated in the immediate nearshore.

Under static SLR scenarios, total peak water levels increased nearly linearly with
SLR magnitude. In contrast, the storm surge component itself responded nonlinearly and
showed strong spatial heterogeneity. This pattern suggests that elevated water depths
may reduce bottom friction, thereby dampening shallow-water amplification, while the
inclusion of more offshore areas in the averages statistically dilutes the normalized maxima.

Systematic sensitivity experiments further demonstrated that uncertainties in bottom
friction and wind field intensity moderately yet distinctly affect surge simulations, with
impacts that are spatially heterogeneous. Wind-speed perturbations, in particular, trig-
gered strongly nonlinear and asymmetric surge responses, with localized amplification
exceeding 0.15 m in sensitive shallow areas under a 1.2× wind scenario. These findings col-
lectively yield important implications for coastal disaster mitigation and the development
of uncertainty-aware risk assessments.

4.2. Physical Mechanisms Underlying Model Behavior

The strong spatial heterogeneity of the storm surge field arises from the combined
action of three principal physical mechanisms. Firstly, the phase alignment of intense
typhoon winds with the astronomical high tide produces marked peak amplification.
When the storm’s maximum wind sector coincides temporally with tidal high water,
a phase-resonance effect substantially increases peak levels (observed enhancement in
this study reaches ~35–40%; Figure 10), a mechanism that is particularly effective in the
semidiurnal-tide regime of the Fujian coast.

Secondly, geometric confinement by nearshore bathymetry markedly modulates the
water-level response. In narrow estuaries and recessed shorelines, flow is constrained by
topography so that wind-driven water transport is concentrated, producing localized surge
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amplification. In classic complex-geometry areas such as the Minjiang estuary and Meizhou
Bay, surge increases exceeding open-ocean values by ~20–30% (Figure 11) were observed,
consistent with previous analyses of bathymetry–tide–wind coupling [8,24].

Thirdly, bottom friction controls energy dissipation with spatially varying effects.
Sensitivity tests show that reducing the minimum drag coefficient Cd,min increases Pearson
r by approximately 0.0015–0.0025 at some stations (e.g., Shihu, Shenhugang) but may also
raise RMSE by ~0.05–0.06 m (Figure 18), reflecting a trade-off between improved phase
reproduction and increased instantaneous error. This spatially heterogeneous response is
physically consistent with bottom friction acting to modify nearshore velocity profiles and
dissipative losses that influence local surge peaks [44].

Regarding wind forcing, blending the Holland parametric core with ERA5 reanalysis
materially improves near-core intensity reproduction (Pearson r = 0.974), but uncertainties
remain in eyewall asymmetry, post-landfall decay, and small-scale boundary-layer turbu-
lence. These limitations contribute to systematic deviations of ~0.1–0.2 m at some extreme
high-water instants (Section 3.1.4) and point to the need for further refinement of inner-core
parameterizations and landfall boundary-layer representations [12].

4.3. Parameter Sensitivity and Spatially Heterogeneous Responses

Bottom-friction sensitivity experiments reveal distinct responses for tides and storm
surge. Astronomical tides, governed mainly by boundary forcing, are largely insensitive to
friction perturbations (station Pearson r remains 0.975–0.995 and RMSE changes < 0.10 m;
Figure 18), consistent with theoretical expectations [21]. By contrast, surge peaks exhibit
pronounced spatial heterogeneity. Evaluated by combined RMSE and Pearson r metrics,
Xiamen attains optimal fit under baseline and Case 2 (moderate friction) settings (r ≈ 0.987,
RMSE ≈ 0.198 m), while Dongshan is better represented with an increased minimum
friction (MIN = 0.00525; case4/5; RMSE ≈ 0.124 m) (Figure 18).

Mechanistically, these inter-site differences reflect coastal character; open, deeper seg-
ments preferentially transmit wind-generated energy, so lower friction promotes offshore-
to-nearshore energy transfer; shallow shoals, estuaries and complex-geometry segments
behave oppositely, where larger friction better represents bed roughness and dissipation,
improving phase and local fit [R49]. Spatial maps (Figure 19) confirm that friction changes
most strongly affect surge peaks in shallow and geometrically complex areas. Accord-
ingly, increasing the spatial resolution of friction fields or applying data-assimilation-based
friction inversion should improve local extreme-value reproduction.

Wind intensity perturbations produce strongly nonlinear and spatially dependent
surge responses. Although station-level hourly statistics remain relatively stable across
±20% wind-speed scaling (Table 6), spatial analyses reveal significant local differences
(Figure 20); reducing peak wind to 0.8× generally lowers maximum surge by ~0.10–0.20 m
in most nearshore elements, whereas increasing wind to 1.2× triggers pronounced local
amplification in shoals and estuary mouths (typical increments ~0.15 m) concentrated in
space. The response asymmetry arises from the nonlinear dependence of wind stress on
wind speed (e.g., quadratic or higher-order) and the joint modulation by bathymetry and
tidal phase—conditions under which modest wind strengthening more readily pushes the
system into high-response regimes, whereas comparable weakening is partially buffered
by dissipative processes [45,46]. Consequently, risk assessments and engineering designs
should not rely on a single wind intensity scenario but instead incorporate ensembles or
probabilistic scenarios to capture local vulnerability.
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4.4. Implications for Engineering Practice and Risk Management

For short-term emergency warning and temporary protection (e.g., port opera-
tions, rapid shore reinforcement), we recommend small-scale buffers (500–1000 m) com-
bined with node-based extreme extraction (Method B). This approach better detects local
amplification—particularly in Fuzhou and Putian—identifying 3–4% higher peak risk
relative to cell-averaged extraction (Method A) and thus supports targeted emergency
decision-making [52].

For long-term planning and permanent infrastructure design (e.g., breakwater crest
elevations, coastal-zone management), larger-scale statistics (2000–5000 m) combined
with multi-scenario wind forcing are advised. Larger-area aggregation smooths local
extremes, yielding more robust regional design values in line with conservative engineer-
ing practice [9]. At the same time, practitioners must account for the nonlinear transfer of
wind intensity uncertainty to surge extremes (Section 3.4) by employing probabilistic or
ensemble-based assessments [41].

Under sea-level rise, the results support adaptive, staged strategies. Although
static SLR produces approximately linear increases in peak total water levels, the storm
surge component responds nonlinearly and heterogeneously. We therefore advocate a
“progressive-triggered” adaptation pathway: use the +0.3 m scenario to guide near-term
measures, reserve capacity for +0.5–1.0 m in mid-to-long-term planning, and establish
monitoring-triggered escalation procedures to activate upgrades if observed SLR exceeds
expectations [40].

4.5. Study Limitations and Future Directions

Key limitations of the present study include the following: (1) the static SLR ap-
proach isolates direct elevation effects but does not consider potential climate-driven
changes in tropical cyclone statistics (intensity, track, frequency) or long-term tidal evo-
lution; (2) omission of a coupled wave model may underestimate wave-induced setup
and radiation-stress contributions to total water level in shallow areas; and (3) the as-
sumption of spatially uniform bottom-friction parameters departs from likely spatial
heterogeneity, particularly in complex estuarine beds. Additionally, current-direction
reproduction remains a shortcoming; although speed statistics are acceptable (Pearson
r 0.79–0.93, RMSE 0.096–0.140 m/s), directional errors are comparatively large (Pearson
r 0.50–0.88, RMSE 33.6–52.6◦) [47]. These directional discrepancies primarily reflect mesh
discretization of complex bathymetry, limited vertical resolution for shear-layer representa-
tion, and the uniform-friction assumption [10,32]. It is important to note that directional
errors have a limited impact on the core conclusions regarding surge-peak water levels,
given the model’s strong performance in water-level metrics (astronomical tide Pearson
r = 0.979–0.993; storm surge hourly Pearson r > 0.98) and the bounded sensitivity of peak
levels to parameter uncertainty [41]. If future objectives include material transport, sedi-
ment dynamics, or ecological processes, resolving directional accuracy should be a priority.
Moreover, (4) the study focuses on a single typhoon event (Doksuri), which, while pro-
viding an in-depth case analysis, limits the generalizability of findings across typhoons of
varying intensities, tracks, and structures.

Future research will pursue coupled simulations that combine dynamic SLR sce-
narios with climate projections [53], the implementation of wave–storm surge coupling
(e.g., FVCOM–SWAN) to improve shallow-water total-level estimates [54–56], the observa-
tionally based inversion of bottom-friction fields to develop spatially varying parameteri-
zations, and the development of ensemble-based hybrid wind field construction methods
to provide probabilistic forcing for risk assessments; comparative analyses across multi-
ple typhoon cases to better understand the spectrum of surge responses, particularly for
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phenomena like left-side surges and variable tide-surge interactions, as documented in the
region [57,58].

5. Conclusions
This study successfully reproduced the storm surge induced by Typhoon Doksuri

(2023) in the complex coastal waters of Fujian, China, using a high-resolution FVCOM
forced by a physically corrected Holland–ERA5 hybrid wind field. The model demonstrated
high fidelity in simulating both astronomical tides (Pearson r = 0.979–0.993) and water
level time series (Pearson r > 0.98) at key validation stations, with local surge maxima
approaching 0.8 m and water level approaching 2.8 m.

The analysis revealed pronounced spatial heterogeneity in the surge response, identi-
fying nearshore shoals, estuaries, and recessed shorelines as hotspots for strong local ampli-
fication. Systematic sensitivity experiments quantified that the effects of bottom friction are
spatially dependent and that variations in wind field intensity modulate surge extremes
through nonlinear mechanisms. Across the multi-scale buffer analysis, the node-based ex-
traction (Method B) produces peak values that are 0.8% to 4.5% higher than those from the
cell-averaged approach (Method A). Under static sea-level rise scenarios, the storm surge
component exhibits a complex and spatially heterogeneous response—even decreasing
in some nearshore zones. This behavior is likely due to the combined effects of elevated
water depths reducing bottom friction and the incorporation of more offshore areas into
spatial averages, which act to dampen shallow-water amplification mechanisms and dilute
area-normalized maxima.

The integrated numerical framework and systematic analysis presented here provide
a scientific foundation for storm surge risk assessment and disaster-reduction planning
in the Fujian coastal region. For future work, it is recommended to develop a more
comprehensive assessment framework that incorporates dynamic SLR projections, potential
changes in tropical cyclone characteristics, wave–surge interactions, probabilistic methods,
and adaptive planning strategies.
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Abbreviations
The following abbreviations are used in this manuscript:

TSNM1 Taiwan Strait Northern Mouth Station 1
n_elems The number of elements
ECMWF European Centre for Medium-Range Weather Forecasts
ERA5 ECMWF Atmospheric Reanalysis of the Global Climate (Fifth Generation)

Appendix A

Table A1. Full extraction results of maximum storm surge per unit area.

District Buffer (m) n_Elems Band_Area (km2) Mean A (m) Mean B (m) ∆(B-A) (m) ∆ (%)

Ningde

500 931 274.5541 0.6007 0.6205 0.0198 3.30%
1000 1583 484.0163 0.5987 0.6162 0.0175 2.92%
1500 2283 723.7902 0.59 0.6053 0.0153 2.59%
2000 2991 973.7683 0.5855 0.5993 0.0138 2.36%
2500 3524 1171.566 0.5802 0.5934 0.0132 2.28%

Ningde

3000 4015 1368.541 0.5763 0.5895 0.0132 2.29%
3500 4386 1523.562 0.5729 0.5857 0.0128 2.23%
4000 4697 1661.933 0.5697 0.5823 0.0126 2.21%
4500 4987 1799.67 0.5672 0.5799 0.0127 2.24%
5000 5236 1921.982 0.5646 0.5772 0.0126 2.23%

Fuzhou

500 383 159.0355 0.7476 0.7814 0.0338 4.52%
1000 729 315.0582 0.7603 0.7929 0.0326 4.29%
1500 1194 531.0814 0.7384 0.7673 0.0289 3.91%
2000 1462 663.3541 0.7217 0.749 0.0273 3.78%
2500 1799 836.727 0.6995 0.7247 0.0252 3.60%
3000 2029 960.7729 0.6875 0.7114 0.0239 3.48%
3500 2263 1091.986 0.6752 0.6975 0.0223 3.30%
4000 2472 1210.685 0.6657 0.6868 0.0211 3.17%
4500 2667 1327.077 0.6562 0.6762 0.02 3.05%
5000 2843 1434.301 0.6487 0.6676 0.0189 2.91%

Putian

500 259 122.0349 0.7074 0.7392 0.0318 4.50%
1000 517 275.3598 0.7074 0.7381 0.0307 4.34%
1500 814 425.1337 0.6941 0.7197 0.0256 3.69%
2000 1039 551.4041 0.6837 0.707 0.0233 3.41%
2500 1281 690.4442 0.675 0.6955 0.0205 3.04%
3000 1483 810.8035 0.6681 0.6868 0.0187 2.80%
3500 1670 925.9708 0.662 0.6794 0.0174 2.63%
4000 1839 1036.669 0.6566 0.673 0.0164 2.50%
4500 1992 1137.415 0.6521 0.6676 0.0155 2.38%
5000 2132 1233.34 0.648 0.6627 0.0147 2.27%

Quanzhou

500 1036 149.2176 0.7433 0.7563 0.013 1.75%
1000 1851 281.8289 0.7418 0.754 0.0122 1.64%
1500 2507 421.6996 0.7375 0.7485 0.011 1.49%
2000 3017 542.6033 0.7313 0.7413 0.01 1.37%
2500 3412 640.4967 0.7273 0.7365 0.0092 1.26%
3000 3793 744.8777 0.7244 0.7329 0.0085 1.17%
3500 4084 826.8119 0.7227 0.7308 0.0081 1.12%
4000 4363 908.7119 0.7211 0.7288 0.0077 1.07%
4500 4614 978.7853 0.7194 0.7268 0.0074 1.03%
5000 4842 1044.313 0.7184 0.7254 0.007 0.97%
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Table A1. Cont.

District Buffer (m) n_Elems Band_Area (km2) Mean A (m) Mean B (m) ∆(B-A) (m) ∆ (%)

Xiamen

500 1506 81.08486 0.8199 0.8266 0.0067 0.82%
1000 2224 168.6431 0.7831 0.791 0.0079 1.01%
1500 2773 230.4474 0.7729 0.781 0.0081 1.05%
2000 3194 296.5451 0.7648 0.7723 0.0075 0.98%
2500 3525 355.6445 0.7598 0.7665 0.0067 0.88%
3000 3710 409.7326 0.7552 0.7621 0.0069 0.91%
3500 3822 459.995 0.7515 0.7579 0.0064 0.85%
4000 3947 527.176 0.7496 0.7559 0.0063 0.84%
4500 4048 577.1405 0.7484 0.7546 0.0062 0.83%
5000 4153 621.3297 0.7474 0.7535 0.0061 0.82%

Zhangzhou

500 115 60.10565 0.773 0.7851 0.0121 1.57%
1000 219 177.7267 0.7924 0.816 0.0236 2.98%
1500 309 256.7333 0.7849 0.8075 0.0226 2.88%
2000 388 334.9987 0.776 0.7951 0.0191 2.46%
2500 460 401.0536 0.773 0.7907 0.0177 2.29%
3000 515 463.8878 0.7682 0.7854 0.0172 2.24%
3500 576 540.4984 0.7636 0.7796 0.016 2.10%
4000 610 598.2195 0.7601 0.776 0.0159 2.09%
4500 642 646.6197 0.7575 0.7726 0.0151 1.99%
5000 664 679.2224 0.756 0.7705 0.0145 1.92%

Table A2. Detailed validation statistics for the four tidal-current stations (TSNM1, TSNM2, TSSM1,
TSSM2) across sensitivity cases (case0–case6). Units: speed RMSE (m·s−1); direction RMSE (◦).

Case TSNM1 Speed
RMSE (m·s−1)

TSNM1 Speed
Pearson r

TSNM2 Speed
RMSE (m·s−1)

TSNM2 Speed
Pearson r

TSSM1 Speed
RMSE (m·s−1)

TSSM1 Speed
Pearson r

TSSM2 Speed
RMSE (m·s−1)

TSSM2 Speed
Pearson r

case0 0.0957 0.8896 0.1248 0.926 0.1401 0.8306 0.1151 0.7897
case1 0.0946 0.8917 0.1251 0.9263 0.1401 0.8302 0.1152 0.7893
case2 0.0954 0.8902 0.1249 0.9268 0.1402 0.8302 0.1151 0.7893
case3 0.0885 0.9117 0.1134 0.9276 0.1099 0.8806 0.0898 0.8405
case4 0.105 0.8769 0.1304 0.9229 0.158 0.7946 0.1312 0.7554
case5 0.1056 0.8759 0.1305 0.9231 0.1579 0.7952 0.1311 0.7569
case6 0.0895 0.91 0.1131 0.9276 0.107 0.8852 0.088 0.8437

Case TSNM1 Dir
RMSE (◦)

TSNM1 Dir
Pearson r

TSNM2 Dir
RMSE (◦)

TSNM2 Dir
Pearson r

TSSM1 Dir
RMSE (◦)

TSSM1 Dir
Pearson r

TSSM2 Dir RMSE
(◦)

TSSM2 Dir
Pearson r

case0 38.62 0.5024 52.59 0.7123 33.61 0.8843 43.15 0.8423
case1 38.58 0.5046 52.66 0.7133 33.65 0.8837 43.29 0.8407
case2 38.72 0.5028 53.11 0.7106 33.65 0.8851 43.16 0.8411
case3 38.21 0.5431 50.28 0.7128 34.54 0.87 38.94 0.8558
case4 40.37 0.4749 53.71 0.7117 34.77 0.877 45.77 0.8302
case5 40.31 0.4759 53.88 0.7094 34.95 0.8761 46 0.8288
case6 38.02 0.5434 50.11 0.7114 36.55 0.8428 37.97 0.8584
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