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A B S T R A C T

This study evaluates the performance of the SHYFEM (System of HydrodYnamic Finite Element Modules) ocean 
model in simulating storm surges within Donegal Bay (northwest Ireland) for climate projection applications. A 
high-resolution Basin Scale Model (BSM) configuration of SHYFEM, spanning the North Atlantic is employed in 
barotropic mode accounting exclusively for atmospheric forcing with no tidal contribution included. To evaluate 
its accuracy, the BSM is compared against a Limited Area Model (LAM) configuration of SHYFEM implemented at 
the same study site.

The LAM includes tidal constituents through the downscaling of sea surface height (SSH) from a calibrated 
deep-water ocean model provided by the Copernicus Marine Environment Monitoring Service (CMEMS). Com
parison is performed to quantify the impact of non-linear tide-surge interaction on residual water levels 
computation.

On average the LAM achieves 3 cm greater accuracy than the BSM in reproducing the time series of residual 
water levels measured by four tide gauges within the bay. Nevertheless, although both models tend to under
estimate the extreme values, the BSM better captures the climatological statistics of storm surge events, closely 
matching the observed return levels associated with 5, 10, 25, and 50 year return periods.

Further improvements in return level estimates and residual water level error metrics are obtained through 
iterative calibration of main model parameters, validating the BSM’s effectiveness in simulating storm surges 
despite the absence of tide-surge interaction.

A Chi-squared significance test applied to tide gauge observations confirms that tide-surge interaction is 
statistically non-significant within Donegal Bay for surge thresholds at the 99th, 99.95th, and 99.99th percen
tiles. These findings support the use of BSM, driven exclusively with atmospheric fields (without including tides), 
for reliable simulation of storm surges and their climatological statistics in this region.

1. Introduction

A storm surge can be described as a potentially devastating rise in the 
sea surface caused by extratropical or tropical cyclones (Resio and 
Westerink, 2008), as a result of wind driven water circulation towards or 
away from the coast and the inverse barometer effect (WMO, 2011). The 
magnitude of a storm surge is dictated by several factors like the near
shore local bathymetry (WMO, 2011), the shape of the coastline (Arns 
et al., 2015), the size, track, speed, and intensity of the storm system, the 

stratification of the water body, presence or absence of ice and the na
ture of tidal motion (WMO, 2011; Vousdoukas et al., 2016). Some of the 
worst damage to life and economy has been caused by storm surge 
flooding causing extreme sea levels (ESLs), thus being one of the main 
drivers of coastal hazard (Fernández-Montblanc et al., 2019). In a 
warming climate the hazard of storm surge flooding is expected to in
crease due to rising sea levels and changes in storm activity with local 
conditions dictating the combination of these two factors (Rahmstorf, 
2017). Numerical models are a useful tool for better understanding 
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storm surges and for projecting their future changes under different 
climate scenarios as they can simulate surges with a high spatial reso
lution even for ungauged locations following proper model calibration 
and validation (Calafat et al., 2014). Several studies have been con
ducted on the dynamics of storm surges in Europe using the outputs of 
numerical models (Wang et al., 2008; Brown et al., 2010a; Mel et al., 
2013; Cid et al., 2016; Vousdoukas et al., 2016).

Calafat et al. (2014) states that good model performance in simu
lating the observed distribution of extremes like return levels (Howard, 
2022) does not necessarily translate into good predictive capability. This 
implies that the model may correctly simulate the main statistical 
properties of the extremes, but it may fail to predict their timing and 
magnitude as for predictive purposes like storm surge forecasting. 
Nevertheless, an accurate representation of the extreme value distribu
tion may be sufficient when the focus is limited to the climatological 
characteristics of the extremes, as in the present study; however, such 
approach, may not be adequate for operational storm surge forecasting 
(Calafat et al., 2014). Since the primary focus of the present study is to 
assess the capability of the storm surge model for projecting future surge 
events, its ability to reproduce the statistical features of the observed sea 
level extremes is considered sufficient, without addressing its skill in 
predicting the timing of individual storm surge events. Proper validation 
of such numerical models is a pre-requisite prior to their utilisation for 
such purposes. Climatological statistical quantities like return levels can 
be derived from tide gauge records (Haigh et al., 2010), given that such 
records are of sufficient length, preferably of minimum duration of 
around 30 years (Macpherson et al., 2022). However, for data sparse 
regions like the northwest of Ireland where tide gauge records only 
begin around 2007, the use of numerical models is essential for recon
structing historical time series of extreme sea levels and for computing 
climatological statistics, following appropriate calibration and valida
tion procedure.

Despite significant advances in storm surge modelling, there remains 
a notable gap in high-resolution numerical simulations focused on 
projecting storm surges and their associated climatological statistics (e. 
g., return levels) under future climate scenarios for the northwest coast 
of Ireland, including Donegal Bay (Laino and Iglesias, 2024b), one of the 
largest bays in Ireland. Due to its exposure to the North Atlantic, Don
egal Bay experiences a high tidal range, making storm surges a signifi
cant threat for coastal flooding risks, particularly when they coincide 
with high tides (Williams et al., 2016). This limited availability of 
observational data in this region (OPW, 2020) has posed challenges for 
accurately modelling storm surges in previous studies which has been 
conducted using coarse-resolution numerical models without rigorous 
validation of the outputs with observed data (Wang et al., 2008; Olbert 
and Hartnett, 2010; Olbert et al., 2013). With existing studies being 
predominantly focused on more extensively monitored areas (Elsäßer, 
2010), the northwest coast of Ireland remains relatively under-explored. 
Wang et al. (2008) in their study on the impact of climate change on 
storm surges over Irish waters found that storm surges in the range 
0.5–1.0 m were projected to increase by ~25 % within the bay under 
future climate scenarios. Such results have important implications as the 
increase in storm surge magnitudes would increase the associated risk of 
ESL driven coastal floods. That study however was conducted using a 
coarse-resolution numerical model without detailed validation of the 
outputs with observed data for the northwest coast. For proper charac
terisation of future flooding risk due to ESL (combination of storm 
surges, high tides and mean sea level rise) in this region, this research 
focusses on the storm surge component of ESL, i.e., on developing a 
high-resolution rigorously validated numerical model capable of accu
rately projecting storm surges and their climatological statistics under 
future climate scenarios, a current research gap for this region. 
Addressing this gap is essential for developing effective coastal man
agement strategies and enhancing the resilience of vulnerable commu
nities (Laino and Iglesias, 2024b). Within the EU project SCORE (Smart 
control of the climate resilience in European coastal cities), this region is 

a coastal city living lab (Laino and Iglesias, 2024a) and has been iden
tified as vulnerable to climate driven coastal hazards including ESL 
driven coastal flooding and erosion (Tiwari et al., 2025). This vulnera
bility underscores the need for detailed hydrodynamics of the bay, with 
particular emphasis on storm surges and their projected evolution under 
future climate scenarios.

In this context, this study aims to evaluate the capability of a finite 
element ocean model called System of HydrodYnamic Finite Element 
Modules (SHYFEM; Umgiesser et al., 2004) running in barotropic mode, 
to simulate storm surges in Donegal Bay and to examine its suitability for 
projecting future extreme events under different climate scenarios. This 
goal is pursued by assessing the extent to which statistical properties of 
model outputs agree with those from observed sea levels (Tsimplis and 
Blackman, 1997; Bernier et al., 2007; Marcos et al., 2009; Conte and 
Lionello, 2013), using quantile-quantile (Q-Q) plots to highlight simi
larities and differences between the modelled and observed probability 
distributions and assessing the model’s ability to capture key climato
logical statistics, such as return levels using extreme value statistics 
(Coles, 2001).

Specifically, a high-resolution Basin Scale Model (BSM) configura
tion covering the entire North Atlantic, forced exclusively by atmo
spheric fields (10 m winds and mean sea level pressure) is used to 
simulate storm surges in Donegal Bay. This setup aligns with best 
practices in storm surge modelling worldwide whereby a large oceanic 
basin is exclusively forced with atmospheric fields to simulate the 
meteorological contribution to the sea level (residual water levels) 
without the inclusion of tides for both hindcasts and climate projection 
applications (Greatbatch et al., 1996; Ratsimandresy et al., 2008; Mar
cos et al., 2011, 2012; Lionello et al., 2012; Mel et al., 2013; Conte and 
Lionello, 2013; Calafat et al., 2014; Androulidakis et al., 2015; Vous
doukas et al., 2016; Zhang and Li, 2019; Kim et al., 2021; Antony et al., 
2022; Pavlova et al., 2022; Kirstensen et al., 2024). Tidal boundary 
conditions are excluded based on the well-known problem of simulating 
correct tidal phases and amplitudes in numerical models (Kirstensen 
et al., 2024). However, Donegal Bay exposed to the Atlantic has a large 
tidal range (see Section 2.1), necessitating an assessment of the impli
cations of excluding tide-surge interaction. For this purpose a Limited 
Area Model (LAM) configuration of SHYFEM, with a much smaller 
domain confined to the bay is employed to downscale calibrated sea 
surface height (SSH) data containing tidal constituents from a 
deep-water ocean model from CMEMS (Copernicus Marine Service, 
2020) and compare the outputs, i.e., residual water level time series and 
storm surge return levels with the BSM. This modelling approach is 
imperative for quantifying any errors in the modelled storm surges in the 
study area using the BSM due to the non-inclusion of the tides. Such 
limited area models are employed frequently for computational feasi
bility and to represent complicated coastlines and inland waterways 
efficiently (Park et al., 2022). These LAMs, however, are not a suitable 
candidate for storm surge projection studies under future climate sce
narios due to two reasons. Firstly, unlike the BSM the limited domain 
size truncates the wind fetch leading to underestimation in the surge 
response when exclusively driven by atmospheric forcings (Blain et al., 
1994; Morey et al., 2006; Kerr et al., 2013; Liao and Kaihatu, 2016), and 
secondly, to mitigate the inadequately reproduced surge due to the at
mospheric forcing alone it requires suitable open boundary conditions 
(OBCs; Liao and Kaihatu, 2016), i.e., SSH with the required 
spatio-temporal resolution for resolving the storm surges. However, the 
available climate models provide SSH data at monthly frequency (Sar
dana et al., 2024) which is insufficient to resolve storm surge signals. 
Atmospheric forcings from the climate models are available at a much 
higher temporal frequency (hourly) making BSMs more suitable for 
projecting storm surges under future climate scenarios (Vousdoukas et 
al., 2016).

Accordingly, this modelling study addresses two primary research 
objectives: (1) to evaluate the capability of the Basin Scale Model (BSM) 
approach in reproducing the climatological statistics of observed storm 
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surges derived from tide gauge records, thereby assessing its suitability 
for projecting future storm surges under climate scenarios; and (2) to 
compare the performance of the BSM with the locally applied SHYFEM 
configuration (LAM) for quantifying tide-surge interactions within the 
bay.

This paper is organized as follows: Section 2 provides an overview of 
the study site, including its tidal regime and available tide gauge ob
servations used for model calibration and validation. Additionally, it 
describes the model setup, and the statistical tools applied for model 
evaluation. Section 3 presents the detailed results obtained from the 
adopted modelling approach, Section 4 discusses the results, while 
Section 5 concludes the paper and outlines the next steps in the research.

2. Data and methods

2.1. Site description and observations

Donegal Bay (Fig. 1), located on the northwest coast of Ireland, is one 
of the largest bays in Ireland, and is a prominent semi-enclosed marine 

embayment characterized by its intricate coastal morphology and 
diverse bathymetric features. The bay opens into the North Atlantic 
Ocean and is exposed to dominant westerly winds and oceanic swells.

The bathymetry of Donegal Bay is notably variable, ranging from 
shallow nearshore areas with depths shallower than 10 m to deep 
oceanic channels, with depths exceeding 2700 m toward the western 
boundary beyond the continental shelf. These bathymetric features play 
a crucial role in influencing tidal currents, wave dynamics, and storm 
surge behaviour within the region.

Four tide gauge stations (Sligo, Killybegs, Ballyglass, and Aranmore) 
are strategically positioned within Donegal Bay to monitor sea level (see 
Fig. 1), which have been used for model calibration and validation. 
Collectively these gauges started recording the sea level from 
2007–2008 with a temporal frequency of 5 mins (also 6 mins for the 
earliest years when these gauges began recording) with several gaps 
within the records (see Figure A2 in the Appendix).

Corresponding residual water levels were extracted from the 
measured sea level using harmonic analysis. The package called OCE in 
the R programming language (Kelley, 2018; R Core Team, 2023) was 

Fig. 1. (A) Map of Ireland highlighting the location of Donegal Bay, enclosed within a rectangular box. (B) Detailed bathymetric map of Donegal Bay with the 
location of the tide gauges shown as white dots (the bathymetry is taken from GEBCO (GEBCO, 2022).
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utilised for this purpose.
The oceanographic regime of Donegal Bay is influenced by a com

bination of tidal and non-tidal processes. The tidal regime is semi- 
diurnal, with two high and two low tides each day, and a mean tidal 
range of about 2–4 m, with spring tides ranging between 3.5–4.5 m 
which can be categorised as mesotidal (Cooper et al., 2004). The 
interaction between the Atlantic swells and the local tidal currents 
contributes to the bay’s dynamic water levels (Cooper et al., 2004). 
Naturally, the tides within the bay are influenced by the tides in the 
North Atlantic which, being strongly semi-diurnal, can be described by 
the principal semi-diurnal lunar (M2) and solar (S2) constituents and has 
a form factor (F) that lies within the range 0 ≤ F ≤ 0.25 (Stephenson, 
2017).

2.2. The SHYFEM numerical model

SHYFEM has been extensively used to reproduce water circulation 
and hydrodynamics in coastal and shallow water areas worldwide 
(Umgiesser et al., 2004, 2021; Cucco and Umgiesser, 2006; Bajo et al., 
2007, Bajo et al., 2019, Bajo et al., 2023; Roland et al., 2009; Ferrarin 
et al., 2013; Ferrarin et al., 2019; ; Ferrarin et al., 2023; Park et al., 2022; 
Arpaia et al., 2023; Cucco et al., 2023; 2024; Lagomarsino-Oneto et al., 
2024).

The model solves the shallow water equations derived from the 
Navier-Stokes equations with the hydrostatic and Boussinesq approxi
mations (Ferrarin and Umgiesser, 2005; Federico et al., 2017; Bajo et al., 
2019).The shallow water equations are solved using a finite element 
numerical method and semi-implicit time stepping (Umgiesser et al., 
2004). The model allows for different configurations of the governing 
equations (e.g., baroclinic formulation, three-dimensional) and various 
terms in the equations can be turned on/off such as the non-linear 
advection terms, baroclinic terms etc. (Ferrarin and Umgiesser, 2005; 
Ferrarin et al., 2013; Cucco et al., 2016; Cucco et al., 2023, 2024; Bajo 
et al., 2019; Bajo et al., 2023). The continuity and momentum equations 
in the conservative form are as follows: 
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Here ζ is the water level, U and V are the depth averaged velocities in 
the x and y directions, g the gravitational acceleration, H = h + ζ the 
total water depth, h the undisturbed water depth, tthe time, pa the at
mospheric pressure, ρ0 is the standard water density, and Cb the friction 
coefficient, f is the Coriolis parameter, AHthe horizontal turbulent vis
cosity coefficient, computed by the Smagorinsky’s formulation (Sma
gorinsky, 1963; Blumberg and Mellor, 1987) as suggested by Ferrarin 
et al. (2013) for similar applications. τw

x and τw
y are the wind stress 

components responsible for the vertical transfer of horizontal mo
mentum at the surface of the fluid computed as: 

τw
x = ρairCdWx
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where ρair is the density of air, Cd is the dimensionless wind drag coef
ficient, and Wx, Wy are the x, y components of the total wind velocity at a 
height of 10 m above sea level.

The differential equations are discretized using a semi-implicit dis
cretization technique for stability reasons and a remarkable speed of 
execution (Umgiesser et al., 2004; Cucco et al., 2016; Bajo et al., 2019; 
Bajo et al., 2023). Specifically, in the two momentum equations (Eq. (2) 
and Eq. (3)), the Coriolis and the pressure gradient terms are treated 
semi-implicitly, the bottom friction is fully implicit, and the remaining 
terms are solved explicitly, while the divergence term in the continuity 
equation (Eq. (1)) is solved semi-implicitly. The terms explicitly treated 
in the momentum equation (e.g. advection, diffusion terms) are required 
to comply with stability constraints (Umgiesser et al., 2004). An 
in-depth treatment of the stability criteria can be found in Umgiesser 
et al. (2004). To this end, in our simulations a variable time-stepping 
procedure was employed, constrained to maintain the 
Courant-Friedrichs-Lewy (CFL) number below unity, sufficient to guar
antee numerical stability.

Since the semi-implicit scheme is not mass conserving when using a 
normal finite element formulation for the spatial discretization, hori
zontal spatial integration is made using a staggered finite element 
approach based on a mesh composed of triangular elements (Umgiesser 
et al., 2004). Specifically, the spatial discretization follows a weak 
Galerkin formulation, with water levels and transports multiplied by 
their test function and integrated over each triangular element. Water 
levels are computed at the mesh vertices, while transports are computed 
at the centres of the elements, resembling the Arakawa-B grid configu
ration commonly used in finite difference schemes. The model uses basis 
functions of different orders: standard linear functions for water levels 
and stepwise constant functions for transports. A comprehensive 
description of SHYFEM’s numerical scheme is provided in Umgiesser et 
al. (2004).

In this study, SHYFEM is set up to simulate the barotropic response to 
local forcing (combined wind and atmospheric pressure) and remote 
forcing (sea surface height and tidal forcing), thus excluding any sea 
level variability due to baroclinic processes such as temperature and 
salinity fluxes and freshwater discharge from rivers. At the closed 
boundaries of the model domain, the normal velocity is set to zero and 
the tangential velocity is a free parameter corresponding to a full slip 
condition. At the open boundaries the water levels can be prescribed in 
accordance with the Dirichlet boundary conditions and water transport 
is computed by the model in accordance with a radiative condition (Bajo 
et al., 2007).

2.3. Numerical experiments

2.3.1. Modelling strategy
Two computational domains have been considered; the first one 

spanning the entire North Atlantic Basin called the Basin Scale Model 
(BSM, panels A, B in Fig. 2) and a second domain confined to Donegal 
Bay called the Limited Area Model (LAM, panels C, D in Fig. 2). The 
primary focus of the storm surge modelling is the BSM, which covers the 
entire North Atlantic Basin and is exclusively driven by atmospheric 
forcing. This setup is specifically designed to accurately simulate the 
development and propagation of storm surges as storm systems traverse 
the North Atlantic, effectively capturing wind fetch effects critical for 
realistic surge representation within Donegal Bay (Kim et al., 2021). 
This modelling approach aligns with established methodologies where 
the numerical domain is exclusively forced with atmospheric data to 
simulate storm surges over large oceanic basins as already mentioned in 
the Introduction section.

In contrast, the LAM is utilized primarily as a comparative tool to 
assess the performance of the BSM through a predefined comparison run 
using default model parameters setting. As the BSM does not include 
tidal forcing, the LAM is used to quantify the errors in the BSM’s residual 
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Fig. 2. Numerical Domain and the unstructured meshes for A) BSM, C) LAM, E) Sligo Bay and the corresponding depths of the respective basins (B, D, and F).
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water level predictions that result from the omission of tidal 
contributions.

The comparison between the BSM and LAM is conducted on an ad 
hoc basis, without separate calibration of the LAM, to ensure that the 
BSM’s outputs do not significantly deviate from expected behaviour. It 
should be noted that, due to the different extents of the two domains, 
optimal calibration parameters for Cd and Cb may vary. Despite this 
potential limitation, the approach remains valid, as previous studies 
comparing storm surge and wave simulations across different domain 
sizes did not adjust model calibration based on domain extent (Blain 
et al., 1994; Chen, 2022).

2.3.2. Numerical model setup
The computational meshes for both the BSM and LAM were gener

ated using the GMSH package (Geuzaine and Remacle, 2009), with 
shorelines extracted from the Global Self-Consistent Hierarchical 
High-resolution Geography (GSHHG) dataset (Wessel and Smith, 1996). 
Bathymetric data were primarily sourced from the GEBCO dataset 
(GEBCO, 2022), a global terrain model for ocean and land with a spatial 
resolution of 15 ′ (approximately 450 m). To enhance accuracy within 
Donegal Bay, high-resolution bathymetric data (approximately 20–50 
m) from the INFOMAR surveys (INFOMAR, 2024) were also incorpo
rated. The combined bathymetric information was interpolated onto the 
computational mesh to produce the finite element grid used for model 
simulations.

Fig. 2 presents the computational meshes for the BSM and LAM along 
with the corresponding bathymetric details for the full model domains, 
which differ between the two configurations (panels A-D) and a zoomed- 
in view of Sligo Bay, located within Donegal Bay, where the meshes are 
almost identical (panels E-F).

The LAM consists of 40308 triangular elements and 21219 nodes. 
The resolution varies from 100–500 m in the region of interest and up to 
2 km offshore. The BSM consists of 180158 elements and 92708 nodes. 
The resolution varies from 100–500 m in the region of interest up to 20 
km offshore.

The main drivers of the storm surge in the LAM can be categorized 
into remote and local forcing (Park et al., 2022). Local forcing refers to 
the atmospheric field imposed as a surface boundary conditions, while 
remote forcing originates from the signals entering through the open 
boundaries, where the LAM is driven by hourly SSH data from CMEMS 
(Copernicus Marine Service, 2020) at a spatial resolution of 6–9 km.

The SSH signal includes 11 tidal constituents (M2, S2, N2, K1, O1, 
Q1, M4, K2, P1, Mf, Mm). The atmospheric boundary condition consists 
of six-hourly 10 m wind and mean sea level pressure fields provided by 
the Analysis dataset of the European Centre for Medium-range Weather 
Forecasts (ECMWF) at a spatial resolution of 0.25̊, which combines the 
latest weather observations with a recent forecast to obtain the best 
possible estimate of the current state of the Earth system (Roberts et al., 
2018; Bloemendaal et al., 2019; Dullaart et al., 2020). Residual water 
levels are obtained by applying harmonic analysis to the total water 
level output of the LAM.

The BSM employs closed boundaries (no normal flow) all along the 
mesh perimeter, where water levels are computed by SHYFEM with the 
normal velocity set to zero and the tangential velocity being a free 
parameter corresponding to a full slip condition. The same zero normal 
flow/full slip conditions are also applied where the mesh meets the open 
ocean, e.g., southern Atlantic perimeter, Labrador Sea, and Arctic Sea. 
This choice is justified as the potential influence of such artificial 
boundaries is minimised by using the large basin scale domain with such 
boundaries being located sufficiently far offshore from the study site to 
not influence the surges induced by the atmospheric forcings in the 
study area (Jensen, 1998). The BSM is exclusively forced with the same 
surface boundary conditions consisting of atmospheric fields from the 
ECMWF dataset for the simulation of the residual water levels.

Although significant improvements in storm surge prediction have 
been demonstrated through the coupling of tidal dynamics with wind 

and pressure driven water level dynamics (Fernández-Montblanc et al., 
2019), this approach was not applied to the BSM due to the extensive 
size of its computational domain. Notably, improvements resulting from 
coupling tidal and atmospheric forcing are most pronounced in regions 
where tide-surge interactions are significant (Brown et al., 2010b; Haigh 
et al., 2010).

A preliminary evaluation of the extent of tide-surge interaction in 
this specific study site was performed using tide gauge observations and 
applying the method proposed by Dixon and Tawn (1994) which has 
been widely adopted in other studies (Haigh et al., 2010; Costa et al., 
2023; see Appendix A1).

Simulations for both BSM and LAM were performed for the years 
2007–2021 for model validation and comparison between the BSM and 
LAM at all the four tide gauges. Specifically, the year 2020 was used for 
calibrating the models’ parameters which is detailed in the following 
Section 2.4.

The model outputs from both the BSM and LAM are available at an 
hourly frequency. Accordingly, observational data were averaged to the 
same temporal resolution to enable consistent comparison with the 
modelled results. The observations from the tide gauges and the Limited 
Area Model (LAM) outputs represent total water levels, comprising of 
tidal signals, atmospheric (meteorological) contributions, and other 
low-frequency and low amplitude sea level variations (Bajo et al., 2019). 
In contrast, the Basin Scale Model (BSM) outputs represent only the 
atmospheric component and are therefore more appropriately referred 
to as residual water levels or sea level residuals (Ratsimandresy et al., 
2008; Bajo et al., 2019; Pinheiro et al., 2020; Feng et al., 2021). Here the 
term “residual water level” will be used throughout for consistency.

To enable a consistent comparison between BSM outputs, observa
tions, and LAM simulations, the tidal component is removed from the 
total water level time series, for both the observed and modelled outputs 
of the LAM, yielding residual water levels. These residuals from the tide 
gauge records and the LAM contain not only the contributions from 
atmospheric forcings but also other low-frequency and low-amplitude 
sea level components, which are negligible compared to the meteoro
logical contribution during intense storm events (Bajo et al., 2019).

Pugh and Woodworth (2014) states that the term “surge” or “storm 
surge” is used for a particular event during which a very large non-tidal 
component (residual water level) is generated. In the context of this 
study, the term “surge” or “storm surge” refers specifically to the re
sidual water level exceeding a predefined threshold, indicating signifi
cant storm-induced elevation. This threshold corresponds to values 
above the 99th percentile of the observed residual water levels over the 
analysis period, as computed in the following Section 2.4.

2.4. Model calibration and validation

2.4.1. Model error quantification and extreme value analysis
Model performance against observations is quantified with four 

statistics: root mean square error (RMSE), average bias (BIAS), Pearsons’ 
correlation (R), and the model skill (k) (Warner et al., 2005). The cor
responding formulae are described in Appendix (Table A1).

To evaluate model’s ability to simulate observed surge extremes a Q- 
Q plot (Wilk and Gnanadesikan, 1968) is used for comparison, and the 
Generalized Pareto Distribution (GPD) is employed to calculate 
observed and modelled return level values. Q-Q plots help assess 
whether observed and modelled residual water levels share the same 
distribution. If the points align along the identity line y = x, the distri
butions are similar. A straight line with a different slope or intercept 
indicates the same distribution shape but differing scale or location, 
suggesting that the model can be calibrated. However, deviations from a 
straight line imply different distribution shapes, making calibration 
difficult and reducing the model’s reliability for extreme value analysis 
and future projections (Calafat et al., 2014).

The GPD (Coles, 2001) models the tail of the distribution of the re
sidual water levels above a given threshold (surges). The cumulative 
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distribution function is: 

F(x; ξ, σ, u) = 1 −

(

1 +
ξ(x − u)

σ

)− 1
ξ

(9) 

where x is the surge observation exceeding the threshold u, σ (σ>0) is 
the scale parameter, and ξ is the shape parameter. The scale and shape 
parameters are estimated by the maximum likelihood technique. Before 
the parameter estimation, a declustering window of 24 h is applied to 
ensure independence of the extreme surge events following O’Brien 
et al. (2018) and Cid et al. (2016), since storm surges in Ireland are 
usually seen to last up to 24 h. 24 h is also the time window automati
cally detected for declustering by the R package, ExtRemes 2.0 
(Gilleland and Katz, 2016) used for extreme value analysis in the present 
work. The N year return level (RLN) can be estimated by: 

RLN = F− 1
(

1 −
1

λN
; ξ, σ, u

)

(10) 

where λ is the mean number of exceedances of the threshold per year.
Calafat et al. (2014) calculated the return levels for return periods of 

10 and 50 years considering approximately 25 years of observed data, 
which is also reasonable for our case given that tide gauge records only 
begin around 2007 up to present implying under 20 years of records, so 
calculation of longer return levels may not be reliable even though 
longer return levels for up to 500 years have been calculated from 
around only 8 years of tide gauge data (Tsimplis and Blackman, 1997). 
Return levels for 5 (RL5), 10 (RL10), 25 (RL25), and 50 (RL50) year return 
period values have been hence calculated. In Ireland 0.5 m of surge 
exceedances are candidate storm surge events responsible for coastal 
flooding (Olbert and Hartnett, 2010) and from an analysis of the ob
servations from the tide gauges within Donegal Bay, such a threshold is 
met by the residual water levels higher than the 99th percentile value 
(Marcos et al., 2009; Haigh et al., 2010; Calafat et al., 2014). Thus, we 
used 0.5 m for the GPD threshold, similar to Lin et al. (2010), and the 
performance of the GPD model for such a threshold was evaluated 
through diagnostic plots provided by the R package, ExtRemes 2.0 
(Gilleland and Katz, 2016).

Furthermore, the mean differences of the observed and modelled 
residual water levels are expressed as a function of the observed residual 
water levels categorised into 0.1 m bins. This implies that a bin centred 
at 0.55 m will reflect the mean and standard deviations of the differences 
(observed-modelled) in the range [0.50 m, 0.60 m]. This helps in 
quantifying any over/underestimation of the modelled residual water 
levels with respect to the observations.

2.4.2. Trial and error sensitivity analysis and calibration
A trial-and-error calibration approach has been adopted for the BSM 

to assess improvements in the accuracy of the modelled residual water 
levels.

The model parameters varied during the calibration process were the 
wind drag (Cd) and bottom friction coefficients (Cb). Initial model 
evaluation was performed for the model setup of the BSM and LAM with 
both coefficients set to the default value of 0.0025, a commonly adopted 
value in the storm surge modelling literature (Olbert and Hartnett, 2010; 
Calafat et al., 2014; Sannino et al., 2022) This configuration is hereafter 
referred to as the “default calibration run”.

First-order model validation and estimation of tide-surge interaction 
were performed using the default setup by comparing BSM and LAM 
results over the full observation period (from 2007 to 2021), based on 
data from four tide gauges located at Sligo, Killybegs, Ballyglass, and 
Aranmore.

Subsequently, a series of calibration runs were conducted exclusively 
for the BSM to improve its ability to simulate residual water levels 
including extreme events. These runs involved varying the Cd and Cb, 
with model results compared against observations. The calibration was 

performed with respect to the year 2020 and focused specifically on the 
Sligo tide gauge, due to its proximity to the vulnerable Donegal Bay 
coastline, which is undergoing active coastal erosion (Tiwari et al., 
2025).

The year 2020 was selected since it presents the highest number of 
independent surge exceedance events, eight exceeding 0.5 m, including 
two above 1 m, making it a particularly suitable period for tuning the 
model to storm surge conditions in the region.

The calibration of the BSM was performed in two steps:
Initial Parameter Variation:
In the first step, a sensitivity analysis was conducted by varying one 

parameter while keeping the other fixed at its default value (0.0025). 
Specifically, the wind drag coefficient Cd was held constant while 
varying the bottom friction coefficient Cb, and vice versa. Both param
eters were varied across a wide range from 0.000001 to 0.01, encom
passing values commonly used in storm surge simulations (Lowe et al., 
2001; Olbert and Hartnett, 2010; Muis et al., 2019).

Best Parameter Selection and Combination Runs:
Based on the results of step (i), the three best-performing values for 

Cd and Cb were identified. These were then paired in all possible com
binations, resulting in nine additional BSM simulations. In total, this 
iterative calibration procedure produced 25 BSM simulation runs for the 
year 2020 (see Appendix Table A2).

For the LAM, such calibration was not undertaken, as it is not 
intended for future climate projection studies. A subset of the 2020 
calibration runs that demonstrated high skill scores was validated over 
the full observation period, allowing for evaluation of the impact of Cd 
and Cb on model performance.

The results of the 25 BSM runs were visualized using a Taylor dia
gram (Taylor, 2001), which simultaneously displays the standard devi
ation, correlation coefficient, and centred root mean squared error 
(CRMSE) between modelled and observed data. This visualization pro
vides a comprehensive assessment of the model’s sensitivity to varia
tions in the drag and friction parameters.

3. Results

3.1. Storm surge and their interaction with the tides from observations

In this section, the results from the preliminary analysis conducted 
using the method proposed by Dixon and Tawn (1994) to quantify the 
extent of tide-surge interaction, based on tide gauge observations is 
presented. The results from the χ2 test at a 99th percentile threshold of 
the residual water levels (surges) shows no significant tide-surge inter
action as seen from Fig. 3 and the values of the χ2 test statistic from 
Table 1. The χ2 test statistic is <9.5 even at higher thresholds (99.95 and 
99.9 percentile) for all sites within the bay Table 1.

Fig. 3 shows the distribution of the residual water level (surge) 
exceedances above the 99th percentiles across all sites against the cor
responding tidal level. For instance, for Sligo the number of events above 
the 99th percentile is 971, so in each tidal band the number of expected 
events would be 194, assuming that tide-surge interaction is negligible. 
Indeed, there is no drastic variation in the number of such exceedances 
for each tidal band, and the same pattern is mirrored across the other 
sites showing negligible tide-surge interaction resulting in low values of 
the χ2 test statistic (Table 1).

The kernel density estimates (Dixon and Tawn, 1994) of the residual 
water levels at the four Donegal Bay tide gauge stations (Sligo, Killybegs, 
Ballyglass, and Aranmore) produce unimodal, zero-mean distributions 
once tidal components are removed. At Sligo and Killybegs, the distri
butions exhibit moderate positive skew, 0.714 and 0.657, respectively 
with maxima just above 1 m. Their interquartile ranges (0.195 m and 
0.199 m) and standard deviations (0.155 m and 0.161 m) reflect a 
pronounced right tail and substantial overall variability. Ballyglass 
shows the tightest clustering around zero (skewness = 0.415; IQR =
0.191 m; SD = 0.148 m), indicating a more symmetrical residual water 
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level signal. In contrast, Aranmore combines the greatest dispersion 
(IQR = 0.209 m; SD = 0.165 m) with positive skewness (0.608), 
evidencing both a wide central spread and occasional large positive 
residuals. Overall, these findings demonstrate that tide-surge interaction 
is statistically non-significant at all sites in Donegal Bay, and that re
sidual water level distributions are unimodal, zero-mean, and positively 
skewed with site-specific variability.

3.2. Storm surge hindcasts from basin scale model and limited area model

Firstly, the domain of the LAM purely forced by atmospheric data 
extended just to the continental shelf is clearly insufficient to capture the 
surge formation as most depression systems over the NE Atlantic are 
generated far west off the continental shelf (Olbert and Hartnett, 2010). 
This is clearly seen from Fig. 4 where the residual water level response 
for the atmospheric (ATM) only forcing of the LAM for 2020 is under
estimated. The inadequacy of the residual water level response due to 
atmospheric only forcing required imposing at the open boundary of the 
LAM with SSH data from another deep-water ocean model to reproduce 
the historical surges near shore within the bay.

The residual water levels from the numerical simulations for both the 
BSM and the LAM, using the default calibration run, were compared 
against the observations from the tide gauges. A qualitative comparison 

of the observed and modelled residual water levels at Sligo, Killybegs, 
Ballyglass and Aranmore over the period 2007 to 2021, shows that both 
the LAM and BSM can capture the variability of the residual water levels 
reasonably well (see Appendix Figure A2; only modelled residual water 
levels for the corresponding time stamps of the observations are shown, 
thus also highlighting any gaps in the observation records).

Quantitative comparison is summarized in Table 2. The values of the 
correlation for the residual water level time series for the whole obser
vation period shows reasonably good correlation for both the models, 
with LAM showing higher correlation than the BSM across all the four 
tide gauge stations. LAM exhibited minimal bias across all stations, with 
values close to zero, indicating well-calibrated predictions. Specifically, 
the LAM model produces a slight underprediction of residual water 
levels at Sligo (− 0.003 m) and Ballyglass (− 0.001 m), and a small 
overprediction at Killybegs (0.005 m) and Aranmore (0.006 m) and in 
contrast the BSM consistently exhibits a positive bias at all stations, 
pointing to a systematic overprediction of the residual water levels. The 
bias values ranged from 0.003 m at Ballyglass to 0.038 m at Aranmore. 
At Sligo (0.026 m) and Killybegs (0.033 m), the BSM model showed a 
moderate overestimation of the residual water levels.

From Table 2 the LAM shows overall higher correlation, lower 
RMSE’s and lower bias values for the residual water levels as compared 
to the BSM. This is because when no intense atmospheric forcing is 
acting, the major contributor to the residual water level is due to the 
impact of baroclinic pressure gradients imposing gentle free-surface 
slopes (Pringle et al., 2019). This kind of signal, detectable in the ob
servations is also accounted in the LAM which used OBC derived from a 
baroclinic deep water ocean model. The BSM, on the other hand, forced 
only by atmospheric fields, cannot reproduce these low-frequency re
sidual fluctuations and consequently its accuracy is slightly reduced in 
the overall time series (Pringle et al., 2019). Thus, the difference in the 
RMSE values between the residual water levels of the LAM and the BSM 
which is within ~3 cm (Table 2) is not entirely due to the non-inclusion 
of tides, as the tide-surge interaction in the bay from the preliminary 
analysis of the tide gauge observations has been found to be negligible 

Fig. 3. Surge level for all residual water levels exceeding the 99th percentile plotted against the associated astronomical tidal level for Sligo, Killybegs, Ballyglass, 
and Aranmore.

Table 1 
Tide-surge interaction χ2 test statistic for surge events greater than the 99th, 
99.95th and 99.9th percentiles of the residual water levels.

Site χ2 test statistic

99th percentile 99.95th percentile 99.99th percentile

Sligo 6.441 5.796 9
Killybegs 5.274 1.412 7.429
Aranmore 1.085 2 3.539
Ballyglass 6.747 2.689 2.167
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(Fig. 3 and Table 1). As already explained in Section 2.3.1, the default 
calibration may not necessarily be a near optimal calibration for the 
BSM, implying that the error metrics of the BSM could improve with 
calibration. While the default calibration for the LAM may not be 
optimal, substantial improvement in performance from additional cali
bration are not foreseen. This is because the open boundary is located 
near the coastline and already incorporates most of the relevant residual 
water level information. Although further calibration might yield minor 
improvements, significant enhancement in model performance is un
likely under these boundary conditions. This can be understood from an 
analysis of the SSH data from CMEMS that was used as an OBC for the 
LAM. SSH data from the closest available grid points for the Sligo and 
Killybegs tide gauges were extracted directly from the CMEMS dataset. 
The residual water levels derived following a harmonic analysis was 
compared against the observations for quantifying the error metrics. 
These error metrics are compared against the error metrics obtained for 
the modelled outputs of the LAM just for the year 2020 as shown in 
Table 3 (see Appendix Figure A3).

As seen the residual water level outputs from the CMEMS dataset 
compares quite well with the observations, though naturally the ones 
from the modelled data shows better performance as it downscales the 
SSH data from the deep-water ocean model (which is a finite difference 
baroclinic ocean model) enabling the LAM to better resolve the complex 

Fig. 4. Residual water level response at the Sligo tide gauge from the LAM outputs forced with atmospheric forcing (ATM) only and combined atmospheric forcing at 
the surface and Sea Surface Height at open boundary (ATM + SSH).

Table 2 
Error metrics for the comparison of the residual and total water level time series between the LAM and BSM (total water levels constructed for BSM by linearly adding 
the residual water levels to the reconstructed tides from the tide gauge stations) at the four tide gauge stations for the period 2007–2021.

Metric Model Sligo Killybegs Ballyglass Aranmore

Residual water 
levels

Total water 
levels

Residual water 
levels

Total water 
levels

Residual water 
levels

Total water 
levels

Residual water 
levels

Total water 
levels

LAM
P. corr ​ 0.788 0.971 0.813 0.966 0.808 0.969 0.824 0.974
RMSE 

(m)
​ 0.101 0.237 0.096 0.256 0.091 0.228 0.096 0.228

Bias(m) ​ − 0.003 0.002 0.005 − 0.011 − 0.001 0.001 0.006 0.001
Skill 

score
​ 0.885 0.985 0.900 0.982 0.896 0.984 0.906 0.986

BSM
P. corr ​ 0.763 0.992 0.781 0.991 0.768 0.993 0.803 0.993
RMSE 

(m)
​ 0.121 0.128 0.122 0.141 0.107 0.134 0.123 0.141

Bias(m) ​ 0.026 0.038 0.033 0.054 0.003 0.042 0.038 0.081
Skill 

score
​ 0.860 0.996 0.866 0.994 0.869 0.995 0.875 0.994

Table 3 
Error metrics of the residual water levels from CMEMS against observations and 
the modelled LAM output.

Metric Sligo Killybegs

CMEMS vs 
Observed

Modelled LAM 
vs Observed

CMEMS vs 
Observed

Modelled LAM 
vs Observed

P. corr 0.877 0.905 0.89 0.965
RMSE 

(m)
0.088 0.078 0.086 0.049

Bias 
(m)

0.001 − 0.0002 0.001 0.0002
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Donegal Bay coastline. Thus, the short domain and the pronounced in
fluence of the OBCs in the LAM limit the impact of further adjustments to 
Cd and Cb. As a result, drastic changes in model performance due to 
variation of these coefficients are unlikely, since the primary variability 
is already captured by the residual water level information in the OBC.

Given the negligible tide-surge interaction as demonstrated through 
both the analysis of tidal data (Section 3.1) and comparisons of the re
sidual water levels between LAM and BSM (Table 2), tides can be line
arly added to the residual water levels in the BSM to compute total water 
levels (Marcos et al., 2012), enabling direct comparison with the total 
water levels produced by the LAM. Total water levels directly obtained 
from LAM and ones by adding reconstructed tides and residual water 
levels from BSM were demeaned to mean sea level zero, enabling direct 
comparison of total water levels relative to zero mean sea level as shown 
in Table 2. The total water levels generally show higher correlation for 
both the LAM and BSM compared to the residual water levels because 
the hydrodynamics in the bay is tidally dominated. Additionally, the 
RMSE values are lower for the BSM than for the LAM, mainly because 
the tides added to the BSM are reconstructed from tide gauges (obser
vations) with around 60 tidal constituents, making them naturally more 
accurate.

From Table 2, both the LAM and BSM are seen to capture the trends 
in the residual water levels reasonably well, but this does not necessarily 
translate for the extremes (Calafat et al., 2014). Mean difference plots 
from Fig. 5, for both the LAM and BSM models show increasing mean 
differences as the magnitude of the residual water level increases, with 
the magnitude of underestimation (positive differences) growing in the 
higher residual water level bins (above approximately 0.5 m). This 
suggests that both models struggle to accurately capture the magnitude 
of larger surge events. The results of these mean difference plots are 
similar to those reported by Marcos et al. (2012), thus highlighting a 
significant challenge in storm surge modelling, particularly for extreme 
events. The underestimation observed at Sligo and Killybegs for the 
highest residual water level (surge) bins is consistent with the well 
documented limitations of traditional surge models to underestimate the 
extremes (Debernard et al., 2002; Marcos et al., 2009; Muis et al., 2016).

At the Sligo gauge the underestimation is most pronounced, with the 
mean difference between observed and modelled residual water levels 
increasing progressively with the observed magnitude of the residual 
water levels. In the highest bins (approximately 1.2 m), the BSM un
derestimates surge heights by >0.5 m This substantial discrepancy 
suggests that the BSM struggles to accurately simulate the most extreme 
surges at this location. A similar pattern of underestimation is observed 
at the Killybegs station, where the BSM underpredicts surge heights by 
nearly 0.6 m in the highest bins. In contrast, the Ballyglass and Ara
nmore stations demonstrate a stable mean difference, remaining below 
0.3 m Overall, surge magnitudes are frequently underestimated by both 
the LAM and BSM models. The degree of underestimation increases in 
larger residual water level bins, particularly over ~ 0.6 m. The BSM 
model exhibits more pronounced underestimations at higher residual 
water levels, particularly for stations such as Sligo and Killybegs, where 
deviations grow dramatically for surges greater than 1.0 m. In contrast, 
the LAM performs more consistently across all stations, with fewer 
major underestimations in the upper residual water level bins than the 
BSM. Aranmore has the smallest difference between observed and 
modelled values for both models, indicating improved overall perfor
mance. Ballyglass behaves similarly, with moderate underestimations in 
both models, albeit LAM performs significantly better in terms of 
capturing larger surges.

Since the main focus is to examine the ability of the BSM for pro
jection of storm surges under changing climate scenarios, comparison of 
climatological statistical quantities like return levels derived from 
extreme value analysis of the modelled outputs with the observed data is 
of foremost importance and after visual examination with Q-Q plots 
reveals the feasibility of such extreme value analysis. From Fig. 6, the Q- 
Q plots for the BSM across different locations show that the majority of 

the points are scattered tightly around the identity line, suggesting that 
the BSM reproduces the distribution of observed residual water levels. 
There are some slight deviations from the line at the highest quantiles, 
particularly at Sligo and Killybegs, which indicate a small underesti
mation of the most extreme events. However, the overall alignment with 
the identity line suggests that the BSM is robust for modelling surge 
extremes, as it captures both moderate and extreme values of the re
sidual water levels accurately. The deviations are minor, indicating that 
with some small adjustments, the BSM model could perform even better 
at capturing the largest surges. In contrast, the Q-Q plots for the LAM 
display more pronounced divergence at the upper quantiles, especially 
in Sligo and Killybegs. However, the LAM exhibits near perfect align
ment with the identity line for Ballyglass followed by Aranmore indi
cating superior calibration performance at these locations. This is 
further supported by the LAM’s mean difference plots shown in Fig. 5.

Table 4 presents the return levels calculated for return periods of 5, 
10, 25 and 50 years for both the LAM and BSM models at the tide gauge 
stations. As mentioned previously for the calculation of the return levels, 
a threshold of 0.5 m was imposed on the residual water levels with a 
declustering window of 24 h and the GPD fit was evaluated through 
diagnostic plots like Q-Q plots showing good agreement (not shown 
here) between the data (empirical quantiles) and the GPD model (model 
quantiles) for the observations and modelled outputs from the LAM and 
BSM.

The LAM model consistently underestimates return levels, particu
larly in Sligo and Killybegs, with the gap widening for higher return 
periods (e.g., Sligo RL50: 1.249 m observed vs. 0.916 m modelled). For 
Ballyglass the return levels are near perfect with the observations almost 
as expected from the Q-Q plots, thus showing the best alignment fol
lowed by Aranmore with moderate underestimation which increases 
with increasing return periods. In contrast, the BSM generally performs 
better across all the tide gauge stations, especially for longer return 
periods, with only Sligo showing a slight overestimation of around 7 cm 
at RL50 (1.249 m observed vs. 1.322 m modelled). For Killybegs (similar 
to Sligo) for RL5 and RL10 while the model underestimates by greater 
than 10 cm, this gap is dramatically reduced for RL25 and RL50, thus 
displaying more consistent results. At Ballyglass like the LAM, the return 
levels for the BSM are nearly perfect compared to the observations, 
followed by Aranmore. Overall, the BSM model is much more accurate 
in reproducing the observed return levels across all the sites, particularly 
at Sligo and Killybegs as compared to LAM.

From the above results, the BSM performs well in terms of capturing 
the long term statistical properties of the extremes for the simulation 
period and demonstrates that it can accurately reproduce the climato
logical statistics of storm surges and can thus be used for storm surge 
projections under changing climate scenarios. This however does not 
necessarily imply that the model simulates the individual extreme 
events accurately at specific time stamps (Calafat et al., 2014; Campo
s-Caba et al., 2024). There may be phase errors, defined as discrepancies 
between the timing or phase of simulated storm surge events and their 
actual occurrence in observational data (Campos-Caba et al., 2024). 
Such errors are particularly critical for operational storm surge fore
casting, where accurate timing is essential (Calafat et al., 2014; Vous
doukas et al., 2016). However, this aspect lies outside the scope of the 
present study. Therefore, phase errors are not investigated here and the 
ability of the BSM to have accurately captured the overall distribution 
and severity of storm surge extremes is sufficient to meet the objectives 
of the present research.

Model calibration at Sligo was considered worthwhile, especially 
given the significant underestimation and variability in the simulation of 
the extreme surge events observed in the current BSM setup, while at the 
same time being cognizant that changes made to improve performance 
at Sligo might still impact the model’s performance at other stations.
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Fig. 5. Mean difference plots for the BSM and LAM for the default calibration. The error bars represent the standard deviation of the means and are only shown when 
there are at least three values.
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Fig. 6. Q-Q plots of the Observed vs Modelled quantiles of the residual water levels for the LAM and BSM.
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3.3. Assessing BSM’s accuracy to varying model parameters

The calibration of the BSM within Donegal Bay was therefore un
dertaken with a focus to examine any improvement in the accuracy of 
simulated storm surge extremes, particularly at the Sligo tide gauge. The 
calibration process involved varying the wind drag (Cd) and bottom 
friction (Cb) coefficients, targeting the residual water level time series, 
and the surge levels at 0.5 m and 0.75 m for the year 2020. The iterative 
trial and error method resulted in a total of 25 calibration runs for the 
BSM (see Appendix Table A2). The response of the BSM to the different 
parameterization can be seen through the Taylor diagram from Fig. 7. 
The table with error metrics for the whole set of simulations is presented 
in the Appendix Table A2. From the Taylor diagram (in Fig. 7), the 
legends have been omitted to avoid visual clutter and to focus on 
illustrating the sensitivity of the BSM to variations in Cd and Cb. The high 
sensitivity of the BSM to the tuning parameters is prominent, this is 
expected given that it is driven purely with atmospheric forcings. 
Furthermore, it is also seen that some simulations are clustered closely 
together with the implication that certain combinations of the Cd and Cb 
could lead to comparable outputs with the observed data.

A set of calibration runs with high skill scores were considered on an 
ad hoc basis for evaluating changes in the accuracy of the modelled 
outputs for the entire observed period of the Sligo tide gauge. The 
simulations considered were sim 11, sim 12, sim 13 and sim 14 (see 
Appendix Table A2) corresponding to values of 0.004 & 0.0075, 0.005 & 
0.0025, 0.005 & 0.005, and 0.005 & 0.0075 for Cd and Cb, respectively. 
The error metrics of the modelled residual water levels for the BSM for 
these selected calibration runs for the entire observed period of the Sligo 
tige gauge are presented in Table 5. The default calibration run has been 
repeated again for a clear comparison of the differences in modelled 

outputs by varying the Cd & Cb. Improvements in the error metrics are 
seen for runs 0.004 & 0.0075 and 0.005 & 0.0075 hence showing the 
influence of model calibration on the simulated residual water levels. 
These results are mirrored in the return level values from Table 6.

The results for the Q-Q plot and mean difference plots for all these 
calibration runs are presented in Appendix (Figure A4 and Figure A5).

From Table 6, on comparing the default calibration runs with the 
other calibration runs, where the underestimation is >10 cm for the RL5 
and RL10 values with the model’s performance improving for RL20 and 
RL50 as explained previously. The calibration run 0.004 & 0.0075 shows 
the best performance with improved performance across all return 
levels. RL5 and RL10 differences are minimal, at 0.025 m and 0.003 m, 
respectively. The model slightly overestimates RL25 by 0.039 m and RL50 
by 0.079 m, but these deviations remain relatively small, indicating 
strong alignment with observed values at this calibration setting. For 
0.005 & 0.0025, the model consistently overestimates across all return 
levels, with the largest differences seen at RL25 (0.143 m) and RL50 
(0.148 m). The model overestimates RL5 and RL10 by 0.139 m. This 
indicates that the model begins to overshoot return levels as the Cd in
creases without making changes to the Cb (by keeping it at its default 
value of 0.0025). As the value of the Cb increases, improvements are 
seen for 0.005 & 0.005, but the model still continues to overestimate all 
return levels, with RL5 showing a difference of 0.089 m and RL10 at 
0.099 m. The RL25 and RL50 differences are 0.118 m and 0.135 m, 
respectively. This run shows improved performance over the previous 
but still remains biased towards overestimation, particularly for higher 
return levels. Increasing the Cb further shows improvements, though 
0.005 & 0.0075 still shows a similar overestimation pattern with RL5 
and RL10 differences of 0.060 m and 0.071 m, respectively. RL25 and 
RL50 show larger overestimations of 0.092 m and 0.112 m. Despite the 
persisting overestimation, this run shows better alignment than the 
0.005 & 0.0025 and 0.005 & 0.005 runs, especially for lower return 
levels.

The results on the return levels are reflected in the Q-Q plots (see 
Appendix Figure A4), where the 0.004 & 0.0075 calibration shows a 
closer alignment with the identity line, indicating better model perfor
mance. In contrast, the 0.005 & 0.0025 calibration displays deviations 
from the identity line, with noticeable change in shape, suggesting a 
decline in performance thus mirrored in the return levels. As the dis
tribution approaches the identity line, model performance improves. 
Additionally, the influence of calibration on the modelled residual water 

Table 4 
Return levels (m) calculated for return periods of 5, 10, 25, and 50 years for a declustering window of 24 h for the LAM and BSM at Sligo, Killybegs, Ballyglass and 
Aranmore tide gauge stations.

Model Station RL5 RL10 RL25 RL50

OBS MODEL OBS MODEL OBS MODEL OBS MODEL

LAM Sligo 1.044 0.793 1.114 0.836 1.195 0.885 1.249 0.916
Killybegs 1.068 0.837 1.159 0.874 1.273 0.913 1.353 0.935
Ballyglass 0.742 0.735 0.764 0.756 0.783 0.773 0.792 0.782
Aranmore 0.937 0.853 0.997 0.896 1.067 0.943 1.114 0.971

BSM Sligo 1.044 0.889 1.114 1.003 1.195 1.175 1.249 1.322
Killybegs 1.068 0.937 1.159 1.05 1.273 1.213 1.353 1.347
Ballyglass 0.742 0.678 0.764 0.706 0.783 0.73 0.792 0.741
Aranmore 0.937 0.867 0.997 0.93 1.067 1.005 1.114 1.056

Fig. 7. Taylor diagram for the BSM versus observed residual water levels 
(2020). Dashed golden arcs show CRMSE contours.

Table 5 
Error metrics of the residual water level time series of the BSM at the Sligo tide 
gauge station for the observed period by varying the Cd and Cb.

Calibration runs P. corr RMSE(m) Bias(m) Skill Score

0.0025 & 0.0025 0.763 0.121 0.026 0.860
0.004 & 0.0075 0.787 0.103 0.023 0.880
0.005 & 0.0025 0.725 0.141 0.020 0.830
0.005 & 0.005 0.764 0.121 0.026 0.861
0.005 & 0.0075 0.778 0.114 0.030 0.870
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levels is evident in the mean difference plot especially for the calibration 
runs with Cd= 0.005 across the moderate residual water level bins where 
the mean difference hovers close to zero (see Appendix Figure A5). Thus, 
careful calibration tuning impacts model accuracy.

4. Discussion

The Basin Scale Model (BSM) configuration is specifically designed 
to be exhaustive in accurately capturing the development and passage of 
storm systems across the North Atlantic contributing to storm surges 
within Donegal Bay.

Few studies have assessed domain size effects on storm surge 
response. Limited area models (LAMs) remain commonly used for 
computational efficiency, despite limitations in surge accuracy (Blain 
et al., 1994; Morey et al., 2006; Kerr et al., 2013; Liao and Kaihatu, 
2016). For example, Blain et al. (1994) found that models with smaller 
domains on the continental shelf significantly underestimate storm 
surge responses as is the case with the LAM (Fig. 4), while larger do
mains accurately capture surge effects. To mitigate the inadequacy in 
the surge response, LAMs require OBCs with suitable spatio-temporal 
resolution to resolve the storm surge signal which are available only 
at a monthly frequency from the climate models thus limiting the uti
lisation of LAMs for the projection of storm surges under future climate 
scenarios.

Since atmospheric fields at a higher temporal resolution are easily 
available from climate models, BSMs driven exclusively by the atmo
spheric fields are thus currently used within state of the art storm surge 
projection studies (Vousdoukas et al., 2016). Whether or not to include 
tides within the BSM modelling approach depends on the significance of 
tide-surge interaction within the study site.

There are limitations pertaining to the accurate simulation of tidal 
phases and amplitudes for such a large oceanic basin (Kirstensen et al., 
2024) and thus the increased complexity and computational times from 
including the tidal components in the simulation may outweigh the 
potential gains in data quality (Vousdoukas et al., 2016) especially for 
such studies where the simulation of the statistical properties of storm 
surge extremes, i.e., the overall distribution and severity of extreme 
events is the main priority. The LAM approach was adopted in this study 
just to quantify the tide-surge interaction without the intention of using 
it for climate projection due to reasons already mentioned in the 
Introduction.

The RMSE for the BSM model is higher than that of the LAM model 
by 0.020 m at Sligo, 0.026 m at Killybegs, 0.016 m at Ballyglass, and 
0.027 m at Aranmore for the hindcast residual water levels for the 
default calibration run. These differences are within ~3 cm which is in 
agreement with the results from Fernández-Montblanc et al. (2019), 

where they found improvements in the RMSE within 3 cm by coupling 
tides.

While such improvements are typically attributed to the inclusion of 
tide-surge interaction, the preliminary analysis of tide gauge records for 
Donegal Bay indicates that tide-surge interaction is statistically non- 
significant at this site.

Consequently, the observed ~3 cm difference can be also attributed 
to the BSM, which is forced exclusively by atmospheric fields, and 
therefore unable to capture the low-frequency and amplitude sea level 
signals associated with baroclinic pressure gradients. These signals 
evident in the tide gauge observations, are incorporated into the LAM 
through its open boundary forcing derived from a deep-water baroclinic 
ocean model (Bajo et al., 2019; Pringle et al., 2019).

Nevertheless, these differences emerged when comparing the accu
racy of the two modelling approaches in reproducing the full time series 
of residual water levels, which, aside from storm surge events, is largely 
dominated by low-magnitude variability. The validation of the BSM’s 
residual water levels against observations (Tables 2 and 5), however, 
yields RMSE values within 0.12 m, consistent with previous validations 
of similar basin scale storm surge models over the North Atlantic 
(Vousdoukas et al., 2016).

When the evaluation is focused on the capability in reproducing 
extreme events, which is the primary focus of the present study, the BSM 
outperforms the LAM in simulating the distribution of storm surges 
(Table 4), with further improvements observed following calibration 
(Table 6). These results reinforce the capability of the BSM, driven solely 
by atmospheric forcing, to accurately simulate storm surges and their 
climatological characteristics.

The wind drag coefficient (Cd) is essential for accurately modelling 
momentum transfer from the atmosphere to the ocean surface, partic
ularly during storms (Moon et al., 2009). Although a coefficient of 
0.0025 performs well, higher values may improve predictions of storm 
surges by better capturing strong wind effects (Marcos et al., 2009). 
Similarly, the bottom friction coefficient (Cb) affects energy dissipation 
as surges travel across the seabed, especially in shallow areas like Sligo, 
where bottom friction could be an equally dominant force (WMO, 
2011). While increasing friction can overly dampen surge heights, lower 
values may enhance model accuracy for extreme events (WMO, 2011).

Thus, an iterative calibration procedure employed via trial-and-error 
approach, testing different combinations of wind drag and bottom fric
tion coefficients showed improvements in the accuracy of the return 
levels (Table 6). The effectiveness of this process depends on a robust set 
of validation data, including historical extreme events, to ensure that the 
model improvements are meaningful. Q-Q plots, Taylor diagrams, and 
Skill Scores could be effectively used to identify optimal model param
eters. While skill scores of the surges (residual water levels above 

Table 6 
Return levels for a set of different calibration runs by varying the Cd & Cb for the BSM.

Calibration runs RL5 RL10 RL25 RL50

OBS MODEL OBS MODEL OBS MODEL OBS MODEL

0.0025& 0.0025 1.044 0.889 1.114 1.003 1.195 1.175 1.249 1.322
0.004& 

0.0075
1.019 1.111 1.234 1.328

0.005& 
0.0025

1.183 1.253 1.338 1.397

0.005 & 
0.005

1.133 1.213 1.313 1.384

0.005& 
0.0075

1.104 1.185 1.287 1.361

T. Ahmed et al.                                                                                                                                                                                                                                  Ocean Modelling 200 (2026) 102660 

14 



thresholds) were additionally considered for testing a set of near optimal 
calibration runs in this research, focusing solely on skill scores for the 
whole residual water level time series may also be sufficient (Warner 
et al., 2005; Zhong et al., 2010; Zhang et al., 2012; Ding et al., 2020). 
Furthermore, there are different sets of parameter values (for the Cd and 
Cb) yielding similar skill scores of the residual water levels and this fact 
is also evident from the Taylor Diagram (Fig. 7) suggesting that the 
model provide reliable solutions to small changes in the Cd and Cb values 
within certain ranges. This was also apparent from the calibration pro
cedure where the Cd was varied by keeping the Cb constant and vice 
versa (see Appendix Figure A6 and Figure A7). Thus, certain combina
tions of the parameters (specifically varying both Cd and Cb) were found 
to yield similar model performance. Several simulations, such as SIM 7, 
SIM 8, and SIM 9 (see Appendix Table A2), show nearly identical skill 
scores despite differences in Cd and Cb values. This suggests that the 
model is not highly sensitive to parameter changes within specific 
ranges in this case. The model demonstrates comparable skill scores 
across a range of parameter configurations, highlighting the challenge of 
discerning unique parameter values for calibration. Further elaboration 
on this matter is beyond the scope of this paper. But in the context of the 
present research, as model performance to accurately simulate clima
tological data like return levels is the main priority, calibration is seen to 
have an impact on such simulations. Given that more than a decade of 
observational data is available for the study site, evaluation through Q-Q 
plots and extreme value analysis facilitated with the accuracy evaluation 
of different calibration runs. For instance, the calibration runs for both 
0.005 & 0.005 and 0.005 & 0.0075 for 2020 yield similar values of skill 
scores for the residual water levels, i.e., 0.894 and 0.898 respectively 
(see Appendix Table A2), but on examining the modelled hindcasts 
through Q-Q plots and return levels by fitting extreme value models, 
better model performance was found for the latter. It is however 
acknowledged that limitations in spatial and temporal extent of the 
observations can limit such analysis. Numerical simulation of surges 
using such a large basin scale domain can be computationally intensive, 
especially from the perspective of climate projection. Li et al. (2013)
found that while the simulated storm surge is significantly affected by 
the variation of the domain size when the domain is relatively small. 
When the domain size is greater than a given threshold value, “threshold 
domain size”, the simulated storm surge is not sensitive to the variation 
of the domain size. As long as the model domain is larger than the 
‘‘threshold domain size”, the model results are considered reasonable as 
the model error due to model domain size will be <5 %. Selection of such 
a “threshold domain size” was not undertaken in this research but could 
be important for storm surge studies in areas where tide-surge interac
tion is significant and requires imposing tidal constituents at open 
boundaries as commonly done for storm surge projection studies in the 
North Sea (Debernard et al., 2002; Woth et al., 2006; Sterl et al., 2009; 
Howard et al., 2010; Gaslikova et al., 2013). Too large a domain in such 
cases could make the simulations computationally too expensive and 
complex.

5. Conclusion and future work

In the present research, the ability of a barotropic finite element 
storm surge model implemented using SHYFEM over the entire North 
Atlantic (BSM) and driven solely by atmospheric forcing (excluding tidal 
components), to simulate storm surges within Donegal Bay has been 
examined.

To assess the potential influence on predictive performance, the BSM 
is compared against a locally confined configuration of SHYFEM (LAM) 
applied within the bay. The BSM exhibits superior performance in 
reproducing the observed storm surges and the associated return levels 
across all four tide gauge stations within Donegal Bay as opposed to the 
LAM. The accurate return levels reinforce the ability of the BSM to be 
used for the projection of future changes in important climatological 
quantities associated with sea level extremes, such as return levels, it 
however does not assess the skill of the model in capturing extreme 
event timing (which is not the focus of the present research but could be 
important for storm surge forecasting). The exclusion of direct tidal 
modelling does not have any impact on the accuracy of the storm surges 
as the tide-surge interaction is negligible and difference in the RMSE 
between the residual water level time series between LAM and the BSM 
is just within ~3 cm. The LAM which is forced with well calibrated data 
at its open boundary shows slightly better performance in reproducing 
the observed residual water level time series as it contains low- 
frequency and amplitude sea level components which cannot be repro
duced by the BSM exclusively forced by atmospheric forcings. The BSM 
outperforms the LAM in reproducing the climatological statistics of the 
storm surges. Varying the wind drag and bottom friction coefficients for 
the BSM showed improvements not only in the hindcasts of the residual 
water levels but also in the accuracy of the storm surge return levels. 
Here, only one atmospheric dataset was used, and the performance of 
the BSM with different atmospheric datasets remain to be seen. Subject 
to the availability of observational data, model evaluation through Q-Q 
plots and climatological statistics, such as return levels, have proven 
valuable in assessing the suitability of a storm surge model for projecting 
climatological statistics thus proving its suitability to be used within 
climate projection studies. Additionally, such validation methods can 
aid in selecting an optimal set of calibration parameters, as error metrics 
can yield similar values across different parameter configurations, as 
observed in our case with just one year of validation data. This approach 
is particularly relevant for applications like the creation of flood risk 
maps, which is the next step of our research based on climatological 
statistics like return levels derived from forcing the BSM with atmo
spheric forcings from the outputs of climate models.

In conclusion, the BSM has proven to be well suited for projecting 
storm surges under climate scenarios for the northwest of Ireland when 
driven exclusively by atmospheric forcings and without the inclusion of 
tides. The present work in addition to addressing the research gaps for 
the northwest Ireland adds knowledge to the current state of the art BSM 
storm surge modelling approaches worldwide in terms of model setup 
and validation techniques. For regions with significant tide-surge 
interaction, where imposing tidal constituents at the open boundaries 
could be essential, selecting a “threshold domain size” could be a 
consideration as too big a domain could be computationally expensive 
for storm surge climate projection studies. In a subsequent paper, the 
projected storm surges will be combined with tidal components and 
projected mean sea level changes to estimate ESLs, from which return 
levels will be derived using extreme value statistics. This approach will 
facilitate the development of high-resolution flood risk maps for Done
gal Bay, an underrepresented area where such maps are urgently needed 
to address vulnerability to the increasing risk from coastal flooding 
under future climate scenarios.
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Appendix

A1 Quantification of tide-surge interaction
As the tidal regime in Donegal Bay is mesotidal, the non-linear interaction of the tides and surges (extremes) is explored through the methodology 

proposed by Dixon and Tawn (1994) to identify the existence of non-linear tide-surge interaction within the Bay, if any, that could contribute to 
potential errors in the accuracy of simulating storm surges pertaining to the non-inclusion of tides in the BSM. In this method the tidal range is divided 
into five equi-probable bands, such that there is an equal number of surges associated with the tides in each band. So, an observed surge has equal 
probability of falling into any one of the five bands. For negligible tide-surge interaction, where tide and surges can be assumed to be independent 
processes, the number of surges per tidal band expected to exceed a threshold, u, would be the same. Assuming a threshold,u,of 99.95 percentile of 
surge distribution and assuming the tide and surge to be independent processes, one would expect nobs × 0.0005

5 = e observations above the threshold in 
each tidal band, where nobs is the number of hourly surge observations, but we observe Ni, i = 1,…,5 hourly observations in each of the five tidal bands 
above the threshold u. The test for interaction can then be tested by using a standard χ2 test statistic as 

χ 2 =
∑5

i=1

(Ni − e)2

e
(A.1) 

This test statistic is small when the observed number of extreme surges per tidal band is close to the number expected if the tide and surge are 
independent but is large when there is interaction between tide and surge. The value of the test statistic above which tide surge interaction can be 
considered to be significant for the extremes is the 95 % significance level of the test statistic, i.e., χ2

4,0.95= 9.5.
Here the tide surge interaction is evaluated using this methodology for thresholds at a number of commonly used percentiles like 99, and 99.95 and 

99.99 percentiles for all the four tide gauges within the Bay for the entire observation period (Fig. A.1,Fig. A.2,Fig. A.3,Fig. A.4,Fig. A.5,Fig. A.6,
Fig. A.7, Table A.1, Table A.2).

Table A.1 
. Statistics used to evaluate performance of the modelled hourly surge outputs 
against the hourly surge observations from the tide gauges within Donegal Bay.

Error statics Formulae

Root mean square error
RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
N

∑N
i=1

(Si − Oi)
2

√

Correlation
R =

∑N
i=1(Si− Si)(Oi − Oi)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑N

i=1(Si − Si)
2

√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑N

i=1(Oi − Oi)
2

√

Bias Bias =
∑N

i=1
1
N
(Si − Oi)

Skill
Skill = 1 −

∑
|Xmodel − Xobs |

2

∑
(|Xmodel− Xobs| + |Xobs− Xobs|)

2
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Fig. A.1. Distribution of residual water levels at the four Donegal Bay tide gauge stations (Sligo, Killybegs, Ballyglass, and Aranmore) are shown in the density plots 
along with the measure for skewness, standard deviation, and the interquartile range (IQR).

Fig. A.2. Time series of the observed and modelled residual water levels from the LAM and BSM at the four tide gauge stations for corresponding timestamps of the 
observed data at hourly frequency.
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Fig. A.3. Comparison of the residual water levels between the observations (Sligo, Killybegs) with the residual water levels extracted from the CMEMS dataset, and 
that of the LAM outputs for the default calibration.

Table A.2 
. Error statistics for the BSM total and filtered (>=0.5 m) time series of the residual water levels for the calibration runs for 2020 carried out by varying the wind drag 
(WD) coefficient (Cd) and keeping the bottom friction (BF) coefficient (Cb) constant and vice versa.

Residual water level (m) Filtered residual water level (>0.5 m) Filtered residual water level (>0.75 m)

ID WD (Cd) BF (Cb) Corr RMSE Bias Skill Corr RMSE Bias Skill Corr RMSE BIAS Skill
SIM 1 0.000001 0.0025 0.502 0.160 0.016 0.699 0.199 0.483 − 0.462 0.309 − 0.228 0.668 0.654 0.205
SIM 2 0.00001 0.0025 0.505 0.160 0.016 0.700 0.201 0.482 − 0.461 0.309 − 0.225 0.667 0.653 0.205
SIM 3 0.0001 0.0025 0.537 0.156 0.015 0.711 0.223 0.471 − 0.451 0.315 − 0.188 0.653 0.640 0.208
SIM 4 0.001 0.0025 0.749 0.126 0.014 0.807 0.445 0.364 − 0.347 0.380 0.279 0.523 0.514 0.249
SIM 5 0.002 0.0025 0.818 0.108 0.017 0.872 0.578 0.258 − 0.237 0.485 0.540 0.390 0.382 0.314
SIM 6 0.003 0.0025 0.819 0.108 − 0.020 0.891 0.519 0.143 0.061 0.658 0.494 0.275 0.258 0.415
SIM 7 0.003 0.005 0.837 0.104 − 0.026 0.893 0.499 0.160 0.093 0.617 0.524 0.292 0.280 0.392
SIM 8 0.003 0.0075 0.841 0.104 − 0.030 0.890 0.451 0.177 0.115 0.591 0.508 0.307 0.296 0.377
SIM 9 0.004 0.0025 0.813 0.118 − 0.025 0.888 0.545 0.137 − 0.053 0.784 0.545 0.178 0.141 0.541
SIM 10 0.004 0.005 0.841 0.107 − 0.034 0.900 0.515 0.129 − 0.007 0.769 0.587 0.194 0.176 0.525
SIM 11 0.004 0.0075 0.849 0.105 − 0.038 0.900 0.457 0.137 0.025 0.722 0.574 0.215 0.200 0.487
SIM 12 0.005 0.0025 0.806 0.135 − 0.031 0.873 0.541 0.206 − 0.162 0.725 0.573 0.126 0.029 0.744
SIM 13 0.005 0.005 0.840 0.117 − 0.041 0.894 0.502 0.165 − 0.099 0.786 0.617 0.116 0.077 0.739

(continued on next page)
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Table A.2 (continued )

Residual water level (m) Filtered residual water level (>0.5 m) Filtered residual water level (>0.75 m)

SIM 14 0.005 0.0075 0.850 0.113 − 0.047 0.898 0.444 0.152 − 0.059 0.782 0.597 0.135 0.109 0.695
SIM 15 0.006 0.0025 0.808 0.153 0.038 0.857 0.590 0.207 0.152 0.603 0.653 0.158 − 0.082 0.751
SIM 16 0.007 0.0025 0.803 0.176 0.045 0.834 0.580 0.287 0.241 0.490 0.658 0.240 − 0.186 0.512
SIM 17 0.008 0.0025 0.799 0.200 0.052 0.811 0.571 0.371 0.327 0.408 0.661 0.332 − 0.288 0.404
SIM 18 0.009 0.0025 0.796 0.224 0.059 0.788 0.563 0.453 0.411 0.346 0.664 0.426 − 0.386 0.323
SIM 19 0.01 0.0025 0.794 0.248 0.067 0.766 0.555 0.535 0.492 0.301 0.665 0.519 − 0.482 0.263
SIM 20 0.0025 0.0001 0.741 0.130 − 0.001 0.860 0.403 0.232 − 0.176 0.572 0.557 0.361 0.315 0.365
SIM 21 0.0025 0.001 0.804 0.110 0.012 0.883 0.558 0.206 − 0.175 0.583 0.572 0.324 0.3066 0.369
SIM 22 0.0025 0.0025 0.826 0.105 0.018 0.888 0.601 0.210 − 0.185 0.563 0.585 0.329 0.318 0.359
SIM 23 0.0025 0.005 0.835 0.105 0.024 0.885 0.598 0.221 − 0.197 0.537 0.575 0.344 0.335 0.346
SIM 24 0.0025 0.0075 0.834 0.106 0.027 0.880 0.577 0.231 − 0.208 0.521 0.531 0.356 0.347 0.337
SIM 25 0.0025 0.01 0.829 0.108 0.029 0.875 0.553 0.239 − 0.216 0.510 0.465 0.366 0.356 0.331

Fig. A.4. Q-Q plots of the Observed vs Modelled quantiles of the residual water levels for the BSM corresponding to calibration runs (a) 0.004 & 0.0075, (b) 0.005 & 
0.0025, (c) 0.005 & 0.005, and (d) 0.005 & 0.0075 for Cd and Cb, respectively at the Sligo tide gauge.
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Fig. A.5. Mean difference plots for the BSM corresponding to calibration runs (a) 0.004 & 0.0075, (b) 0.005 & 0.0025, (c) 0.005 & 0.005, and (d) 0.005 & 0.0075 for 
Cd and Cb, respectively at the Sligo tide gauge.
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Fig. A.6. Error metrics for the BSM 2020 a) Total residual water level time series b) Filtered (>0.5 m) residual water level time series pertaining to the calibration 
runs where the wind drag coefficient (Cd) is varied keeping the bottom drag coefficient (Cb) at its default value (0.0025). The x axis represents dimensionless values 
of Cd.
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Fig. A.7. Error metrics for the BSM 2020 a) Total residual water level time series b) Filtered (>0.5 m) residual water level time series pertaining to the calibration 
runs where the bottom drag coefficient (Cb) is varied keeping the wind drag coefficient (Cd) at its default value (0.0025). The x axis represents dimensionless values 
of Cb.

Data availability

Data will be made available on request.
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