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Abstract. Tropical and extratropicatyclones which can causeoastalflooding, are among the most devastating natural
hazardsUnderstandingoastal flood riskettercanhelpto reduce their potential impacts. Global flood mogédy a key role

in this processin recent years, global models and methods for flood hazard simulation have improved, but {hesstiti
limitations to provide actionable information at local scal€e notablelimitation is the insufficient resolution of global
models to accurately capture tbemplexities of stormand topography ofpecificregions.Additionally, mostlargescale
hazard assessmem¢nd to focus solely oeitheroffshorewater levelsimulationsor overland flooéhg, oftenrelying onstatic

flood modelling approachedn this study we introducethe MOSAIC modelling framework, a flexiblePythonbased
frameworkdesignedo dynamically simulatéothoffshorewater leve andcoastal floodingMOSAIC provides anultiscale
modelling approach to automatically generate and nestrbiggdiution local models within a coarser globabdel. This
approachseeks tosimulatemore accurate water levels, theredryhancingcoastal boundary conditions for dynamic flood
modelling.We showcase the potential MOSAIC for three historicaktorm eventsvith the aimof assessing the effects of
temporal and spatialesolution refinements and bathymetry dat@ur findingsindicate thatthe importanceof model
refinemensis linked tothetopography of the study area and the storm characteristics. For instance, refining temporal output
resolutionhas a significant impact asmall andrapidly intensifying tropical cyclonegut islesscritical for extratropical
cyclones Additionally, the refinement ofpatial output locationis particularly relevanin regionswhere water levelexhibit

high spatial heterogeneity along the coast. In regions with complex topographies, grid refinement anedoghiem
bathymetry play a more significant roMOSAIC provides an automated approach to provide flood maps at a loeaCazal
results confirm the proof of concept that the automated approach of MOSAIC can be used to prowvieeohitjon flood

maps without the neefdr calibration or other manual steps. As such, MOSAIC provides a bridge between fully global and
fully local modellirg approaches. In future work, further validation could be choig to explore the optimal settings for

different regions more in depth

1 Introduction

Coastal flood eventsan have devastating impacts societies, economies, and the environmehen affecting densely
populated and lovlying coastal area@Vadey et al., 2015)ropicalcycloneqTCs) and extratropical cyclones (ETG@sgthe

cause othemost severe coastal flooding eve(i®uris et al., 2021;Haigh et al., 2016; UNDRR, 2020; Wahl et al., 2017)

For exampleHurricane Harvey,in2017s one of the costl i est ,withamresiimatéddambgee U
of $125 billion. Typhoon Idai, in Mozambique 2019, caused around 600 deaths and economic damages of $7(Rhanitlmn

and Chikodzi, 2021; Sebastian et al., 20211953, an ETC was the cause of the most severe coastal flood event in Northwest
Europe, resulting in more than 2000 dediVadey et al., 2015More recentlyjn 201Q ETC Xynthia hit the Atlantic coast

of Francec ausing 47 de aéechnmiadamagdE€GEDD, 2010)I | i on
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Coastal flood events are driven by extremeleeals resulting from a combination ofiean sea level variatiortiles, storm
surges and wavdirezci et al., 2020; Marcos et al., 2019; Vousdoukas et al., 2017, 2018a; Wahl, [R0E€ent years,
several studies hawppliedglobal hydrodynamic models to simulateastalwater levelgDullaart etal., 2021; Muis et al.,
2016; Pringle et al., 2021; Vousdoukas et al., 2016a; Wang and Bernier, 3088¢quently, these water levels have been
usedto derive extreme water level valuks various return periodg hese extreme water levels have then been used as input
into global overland flood mode(#Ving et al., 2024)and theresultingflood hazard maps have been usedsgsess flood
exposure andisk (Vousdoukas et al., 2016B)vhile theseglobal studieshave greatly improved our understandindarfje
scalecoastaflood risks, they do noyethave the accuracy to providetionablénformation about coastal flood events at local

scales.

The accuracy ofargescalehazard assessmeritslimited by several factorselated to the quality of the input data and
assumptionaunderlying the modelling approachddntil now, the vastmajority of largescale hazard assessments have
primarily concentrated on either modelling extreme water levetsodiellingoverland floodsEachmodelcomponenhasits
own limitations.We identify herethree main methodologicalimitations of largescale hazard assessmerksst, coastal
geometrystronglyinfluences extreme sea leve(dlori et al., 2014; Woodruff et al., 2023yith largevariability at local scale.
Consequentlyin regions with complex morphologiesich agstuaries, ser@nclosed bays or barrier systemlobal models
lack the resolution required ccuratelyresolve theextreme sea leve(8unya et al., 2010; Dietrich et al., 2010; Islam et al.,
2021) Grid refinement and nesting of local higésolutionrmodelswithin coarser global modet&n result in improved coastal
boundary conditionsPelupessy et al. (201dseda multiscaleapproacho obtain realistic boundg conditionsby nestinga
global circulation modednd ahigh-resolution barotropic modeSimilarly, the Coastal Storm Modeling System (CoSMoS)
combinegylobal climate modeland oceanographic modelgnamically downscaleth assess compad floodingand coastal
changest regional to local scaiBarnard et al., 2025, 2019, 2014; Nederhoff et al., 2@ad)Camus et al(2011)used a
dynamic downscaling approachttanslate globalavedata into highespatiotemporalesolutionrwaves for théSpanish coast
Secondthe accuracy of input datasets such as the meteorological forcing and the bathymetry have largeanftbhenoéal
water levels. Coarsmeteorological forcingé both in termsf spatial and temporal resolutibrmight not be able taesolve
intense stormgHodges et al., 2017; Murakami, 2014; Thomas et al., 2084)e errorsin the bathymetric datasetsill
propagate to the modelling sform surge level@Noodruff et al., 2023)Third, coastal flooding is a dynamic proceskere
flood duration and physat processeplay a key roleHowever,giventhe high computational coséssociated withusing
hydrodynamic flood modelgheir use has been limited to local applicatigluost largescalehazard assessmeritave used
static flood modellingnethods, whicmeglectflood dynamics(Hinkel et al., 2014; Muis et al., 2016; Ramirez et al., 2016;
Vafeidis et al., 2019; Vousdoukas et al., 2018)ditionally, large-scale hazard assessments typically focus on a single flood
driver (Alfieri et al., 2017; Hirabayashi et al., 2021; Tiggeloven et al., 2020; Vousdoukas et al., 2018b; Ward et al., 2020)
However,TC and ETC eventsftenproduceprecipitation, river dischargstorm surgeand waves, abbf which can contribute

to flooding. When these drivers occur in combinatiorthey can significantly amplify flood hazards and risksis is
demonstratetly the modelling of, for examplaurricaneFlorencethat hit the USn 2018(Gori et al., 202Q)Fewlargescale
studies have analysed the effeatsl interactionsf multiple flood driversWhile Bates et al. (2021)erformed a combined
risk assessment of fluvial, pluvial and coastal flooding for the continental Bitahder et al. (2023ntroduceda globally-

applicablecompound floodnodelling frameworkhat accounts for precipitation, river discharge and storm.tides

In this study, we present tipensourceMOSAIC (MOdelling Sea Level And Inundation for Cyclones) modelling framework

to simulate any TC and ETC water levels and coastal flooding events. Coastal flooding is dynamically modelled by coupling
of two existing modelling approaches: (1) to simulate water levels generated from storm surges and tides it couples the
hydrodynamic Global Tide and Surge Model (GTSM) and Delft3D Flexible Mesh software; and (2) to dynamically simulate
overland flooding it couples the simulated water levels with the Seg&triINunadation of CoastS model (SFINCS). MOSAIC

2



80
81
82

83
84
85
86
87
88

89
90
91

92

93
94
95
96
97
98
99
100

101
102
103

is based on Pythoand global datasetsand as suclprovides aglobally-applicableand reproducible approach that can
automatically build and proceBelft3D Hexible Meshand SFINCS model#s such it is well suited for a model comparison

study to test different model setups

Here we showcase the potential of the MOSAIC framework by applying it to three case studies where large storm surges
caused catastrophic flooding events, namely historical storm events TC Irma, TC Haiyan, and ETC XynHijpgég

Bertin et al., 2012; Cangialosi et al., 2018; Lapidez et al., 2Gbb)each of these storms, we simulate the coastal water levels
and flood depthsising automatically builduncalibrated modelsWhere available, we evaluate the model performance by
comparing againgibserved water levels and flood maps. Moreover, we perform a sensitivity analysis of different modelling

settings. This includes the effects of model resolution, output resolution and improvements in bathymetry.

Irma, 2017 Haiyan, 2013 Xynthia, 2010
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Figure 1. Case studies analysed on this paper. Left: Tropical cyclone Irma; middle: Tropicalyclone Haiyan; right: Extratropical

cyclone Xynthia. The red area indicates the modelling domain of the flood analysis.

2  The MOSAIC modelling framework

The MOSAIC modelling frameworkshown inFig. 2, is a Pythorbasedrameworkthat integrates different packagesodels
and softwarelt consists otwo maincomponents(1) thesimulationof global coastal boundary conditiongth the Global
Tide and Surge Model (GTSMpection2.1), includingthe dynamic downscaling with a local higésolution model (Section
2.1.3; and (2)the overlandflood hazardsimulations using the SFINCS mod@&ection 2.2). Python scripts thaénable
adjustments to th&TSM settingsare used to generathfferent model configuratia For the flood hazard simulations,
MOSAIC uses the Hydro Model Ta{HydroMT) to prepare and postprocess SFINCS mogelt and output data

MOSAIC - MOdelling Sea Level And Inundation for Cyclones

2.1 Coastal boundary conditions 2.2 Flood hazard modelling
2.1.3 Dynamic downscaling
Dfm_tools
Automated grid refinement HydroMT
Automated model building Automated model building
1 1 1
. GTSM Delft3D FM ' SFINCS
Meteorological X Water level : € . : Water level 1 . _L Flood hazard
bereine == Global Tide and === timeseries —_— Local High- — timeseries * Hydrodynamic : e
Surge Model b Resolution Model ! 1| flood model 1

______________ | Iy ——

Figure 2. Flowchart showingthe input (in orange), models (in greep outputs (in blue), Python packages (in redand the optional

dynamic downscalingfeature (in yellow) of MOSAIC.
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2.1 Derivation of coastal boundary conditions

2.1.1 Meteorological forcing

The meteorological forcing datasets used in this study vary per $toraBTC Xynthia and TC Irmawe usemean sea level
pressure and 10 m meridional and zonal wind componentsifi®@BERAS re-analysis datasett a horizontal resolution of 0.25
degrees and 1 hour temporal resolutiplersbach et al., 2019Because TC Haiyan is not well resolved in ERABe Fig.

Al), weusepressure anaiind from tropical cyclone track dataerged withERAS5. Thetropical cyclondrack datds retrieved

from the Joint Typhoon Warning Center at 6 hourly interidisval Meteorology and Oceanography Command, 2aaéjs
conveted toa polar grid with 36 radial bins, 375 arcs and a radiu856fkm usingthe Holland parametric wind model
(Holland et al., 2010)Following the methodology obullaart et al.(2021) andLin and Chava$2012) we apply a counter
clockwise rotation angleof b= 2a@dsetthe storm translation teurfacebackground wind reduction factatU= 0. 55 .
Additionally, we use an empirical surface wind reduction factor (SWF).85 (Batts et al., 198Q)andconvert tminute
average winds to 1finute averages usirggfactor of 0.91%Harper et al., 2010The Holland modél s o ut p uatfile pr o v i
that defines golar grid containingpressure and wind field3.0 extend thepressure and winflelds beyond the Holland

mo d e | 6 s TCheuhdargyee inearly interpolate these fields the outermost 75% to align with the ERA5 background
data(Deltares, 2024)

2.1.2 Global storm surge and tide model

MOSAIC uses GTSMVA.1 to simulate water levels resulting from tides and storm suigesring baroclinic andwave
contributions GTSM is aglobal depthaveraged hydrodynamimodel based on Delftd Flexible Mesh(Kernkamp et al.,
2011) It hasa spatiallyvarying resolution of 25km deep in the ocean and X& along the coasts (1.28n for Europe)
(Dullaart et al., 2020; Muis et al., 2020)he spatiallyvarying resolution malkseit computationally efficienfor simulaing
water levels at large scaléEhe bathymetry in the model ke 15 arcseconds resoluti&MODnetbathymetry dataset for
Europe(Consortium EMODnet Bathymetry, 2018ndthe 30 arcseconds General Bathymetric Chart of Ocea@si2fdset
for the rest of the globéGEBCO, 2014) Tides are generatedternally with tide generating forces, whildosm surges
originate from external forcingith pressure andind fields (Section2.1.1; Muis et al., 202Q)A constant Charnock coefficient
of 0.041 is applied teranslate wind speeds from the external forcing into wdraly and a background pressure of B2b
Pais consideredsTSM has been successfully validated using different meteorological datasets and has been shown to provide
accurate extreme sea lev€Rullaart et al., 2020; Muis et al., 2020, 2018grsion 4.1 is a calibrated versiofithe model
with alsoimprovedparametrizationgor internal tides and ltom friction coefficient(Deltares, 2021; Wang et al., 2022a)

GTSM providesas outputvater level timeseriegver a grid in the ocean and for locations alexgry ~5 knof the coast.

To validatethe coastal component of our modelling framework, we compater levels from GTSMgainsbbserved water

levels from tide gauge stations of the Global Extreme Sea Level Analysis (GESLA) détaggt et al., 2023)This
comparison is made faase studiewherethe GTSM output locationgre found nearbiide gauge stations from GESLA (see
Figure3). GTSM output is referenced to mean sea I€MSL). We referenethe GESLA water levels to the M3y removing

the annual average water level for each year, and subsequently removing theverghe 1982005 periodrom the de

trended time serie§.0 assess the accuracy of GTSMe cal cul ate t he Pear sondosmearor r el
squared error (RMSEee Table Al Figure4 andFig. 5 showthe time series of water levelsdifferenttide gaugestations

during landfall of TC Irmaand ETC Xynthia, respectivelf he Pear sonds cor r edsimulaied and bet v
observed water levels high for both eventsindicatinga goodagreementFor TC Irma, the average correlation across the

nine stations is 0.93 with a standard deviation of @a0Bor ETC Xynthia, the average correlation across the six stations is
1.00 with a standard deviation of 0.4dditionally, TC Irmahasan averageRMSE of 0.28 m with a standard deviation of

0.09 m ETC Xynthia has RMSE of 0.2 m with a standard deviation of 0.08 ihe stations performing less weltethose

located in enclosed harbours or behind the barrier islah@i:MSEvaluesof GTSM forbothstormsshow resultsomparable
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146  to otherlargescalestudiesthat have usetlydrodynamic models to simulagtorm tidesof stormevents Marsooli and Lin

147  (2018)andGori et al.(2023) for exampleusedthe ADvanced CIRCulation modeéADCIRC) to simulate storm tides witima

148 averageRMSE over station®f 0.31 and 0.29 m, respectiveljogt et al.(2024)used the GeoCLaw solver angported an

149 average RMSE of 0.24 over 213 tide gauge statgn but wi th a Pearsondés correlatio
150 with observedstorm tides than the MOSAIC model setupgsented in this study

Irma Xynthia
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152 Figure 3. GESLA tide gauge stationdor the case studies Irmgpanel a)and Xynthia (panel b).
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154  Figure 4. Validation of water levels for the case study Irma, for the nin¢ide gauge stationglepicted in Fig. 3.
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Figure 5. Validation of water levels for the case study Xynthia for the six tide gauge stations depictedFig. 3.

2.1.3 Dynamic downscaling

Thedynamic downscaling withiMOSAIC consists of two part§irst, MOSAIC generatea localhigh-resolution modelith
Delft3D Flexible Mesh usinghe Python package dfm_tog\eenstra, 2024 Dfm_toolsallows toautomaticallycreatealocal
modeling grid with a spatiallyvarying resolutiorbased orthe specified maximum and minimum grid cell sizes as well as the
Cour ant 6deriveddrombtieerbathymetgataprovided(Veenstra, 2024)The bathymetry of the local modeln be
updated by interpolating a new bathymetric dataset into the newly generatethgrigettings t@utomaticallygenerate the
local highresoltion models used in this study can be founds@ttion 2.3, Second MOSAIC usesan offline coupling
approach to neshe localDelft3D Flexible Mestmodelwithin GTSM. A Python scripts used tdirst identify theboundaries

of the local Delft3D Flexible Mesh modélhese boundaries are then used to determine the specific locations where GTSM
output should be extracteBubsequentlyGTSM provide the waterlevel timeseries at the boundaries of the local model.
Finally, the localhigh-resolutionmodel is executed using the water levels derived from GTSidreisg input, together with

the same meteorological forcing as for GTSM

2.2 Hydrodynamic flood hazard modelling setup

MOSAIC ussthe SupetFast INundation of CoastS (SFINC@pdelto simulate overland storm surge flood depths. SFINCS
is a reducedphysics hydrodynamimodeldeveloped for a more computationally efficient dynamic flooding approach than
full shallowwaterequatiormodels(Leijnse et al., 2021)t solvessimplified equations of masmd momentunsimilar tothe
LISFLOOD-FP model(Bates et al., 20105FINCShas beersuccessfully applied to modebmpound flooding for tropical
cyclone Irma in 2017Eilander et al., 2023; Leijnse et al., 20213 modelling output results in similar results to those from
full shallow water equatiomodels while reducing computational expenses by a factor of(Léfnse et al., 2021) o speed

up the flood model simulations, we use the subgrid schematization from SFéN@alBthe simulationgLeijnse et al., 2020)

For this studywe useGEBCO 2020 (15 arc seconds spatial resolut{tveatherall et al., 202P)gs input dataset for the
bathymetryand FABDEM (30 m spatial resolution(Hawker et al., 2022)as input datasdor the land elevatiorExceptfor
ETC Xynthia For ETC Xynthiave usethe 5 m resolutiohiDAR -basedDEM developed by the French National Geographic
Institute (IGN) becausé betterrepresents dikea the regionjeading to better flood estimatttean FABDEM(see FigA14).
Thespatially varyingoughness coefficientssed within SFINC&re derivedrom the land use maps of the Copernicus Global
Land ServicgBuchhorn et al., 2020ithin MOSAIC, SFINCSis coupledoffline with water levels from GTSMt 1-hourly
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resolutionfor the default settingg’he Mean Dynamic Topograpl{fp’TU10MDT,; (Andersen and Knudsen, 2008)usedto
convert the vertical reference of the water lefedm mean sea levéd the EGM2008 geoidrheresulting flood hazard maps

have a resolution of 30 m.

To build the SFINCS models and coupleemwith GTSM,MOSAIC usetheHydroMTv0.7.1 (Hydro Model Toolspackage
(Eilander et al., 2023HydroMT is an opesrsource Python packagehich providesautomatedand reproducible model
building and analysis of resultslydroMT usesa modular approach in which datasets and model setfigurationscan
easilybe interchangedn the MOSAIC framework presented in this paper, we take advantage of HydroMT in several ways:
(1) to automatically convert the forcing files from GTSM anddtteerinputinto themodel specific inputormat (2) to easily

build areproducibleSFINCS modeland(3) to perform the analysis of tHeFINCSmodel outputSFINCS isforced with

GTSM water level timeseriedlocations alongvery ~5 knof the coadine, and provides as outpwiater levetimeseries for

each grid cellFinally, flood depth maps are derived from the maximum water levels by subtractiDg the

To validate the hydrodynamic flood hazard modelling compoattite modelling frameworkve compae the modelled flood
extents with observed flood extents derived from field measurenTdrigscomparison is dorfer Xynthia,the only case study

for which observed flood extent dadgeavailable(Breilh et al., 2013; DDTM, 2011We measure theodelskill using (1)

the hit rate(H), defined as the flood area correctly simulatgdr the observed flooded ar@zy (1)) (2) thefalsealarm ratio

(F), defined as the area wrongly simulateetr the observed flooded aréigq (2)); and (3) thecritical success index (C),
defined as the area correctly simulated to be floaded the union of the observed and modelled flooded(&gé3)) Figure

6 shows the skill of the modelled maximum flood extents by SFINCS usin@ T8 water levels aforcing. The hit rate is
0.78, correctly representinghe flooding in most regions, onlynderestimating it in regions further inlanthe false-alarm

ratio of the model is 62. Flooding is overestimated in the north, likely due to the lack of flood protection measiluegdh

in the modethat are present in reality. The critical success indeXB 8s a result of the areas well simulated and those over
and underpredictedVhile the performance of the flood model is negatively affected by the quality of the topography and the
representation of local features such as dikes, we consider the performance sufficientfmal@rgedelling and comparable

to other studies such &amirez et al(2016 andVousdoukas et a(2016b)
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211  Figure 6. Validation of the flood hazard modelling component of the modelling framework for the case study Xynthjausing the
212  water levels of the default configuration of GTSM asa forcing. The maps compare thanodelled and observed maximum flood
213 extents, where greenindicatesflood areas correctly simulated blue flood areas not simulated but observedand red flood areas
214 simulated but notobserved Performance indicatorsfor the hit rate (H), false-alarm ratio (F) and critical success index@) are shown
215 in the panel.

216 2.3  Sensitivity analysis

217  Using the MOSAIC modelling frameworkye analyse the effects odfining the resolution bGTSM on the simulated water
218 levels anchssestiow these propagate into the results for the flood hazard simulated by SFR¢Qf@scribed in Table e

219 categorisemodel configurations in two distinct groupkhe first groupwhich containsthe global model configurations (G),
220 includes the default model configuration (G1) and configurations that modify only the global GTSM model (G2 dnd G3).
221  this group, the refinements applied :af®) the temporal output resolution, which is different than the implicitly calculated
222  simulationtimestep of GTSM, is refined from-Hourly to 10minute, allowing to capture more changes in water levels,
223 including the peaks of the water levé{s2); and(2) the spatial output resolution is refined from locations along the coast
224  every ~5kmto ~2 km, providing more coastal boundary conditions for the hydrodynamic flood hazar@@apdéle second

225  group whichcontainghe nested model configurations (N)cludeshose model configurations that use a nested local model
226  within the global model GTSMy performing dynamic downscalin@hese model configurations includg) the nestng of

227 local highresolution modelsvith refined gridsinto GTSM (N1); and (2)the nestingof local highresolution models with
228  refined grids and updated bathymetry into GTEN2). Finally, we evaluatethe combined effect of all theserefinements

229 through the Afully refinedo configuration (N3), whsch
230 the nested highesolution models and updated bathymeffye \alidation of GTSM and SFINCSshows sufficient
231 performancdor all themodel configurationfrom Table 1and Fig.7 (seeTable Al and-igs. A2, A3 and AL5).
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Table 1. GTSM model configurations used in the sensitivity aalysis

Model configuration Nomenclature  GTSM grid Bathymetry Spatial output Temporal output
resolution resolution resolution

Default G1 ~25to GEBCO02019 Original 1h

configuration 2.5/1.25km * (~5 km)

Refined temporal output resolution G2 ~25to GEBCO02019 Original 10min
2.5/1.25km * (~5 km)

Refined spatial output G3 ~25to GEBCO02019 Refined 1h
2.5/1.25km * (~2 km)

Dynamic downscaling (Refined grid) N1 ~25t0 GEBCO02019 Original 1h**

0.45km * (~5 km)

Dynamic downscaling (Refined grid N2 ~25to GEBC02023 Original 1h**

+ Updated bathymetry) 0.45km (~5 km)

Fully refined N3 ~25to GEBCO02023 Refined 10min**

configuration 0.45km (~2 km)

* EMODne018for Europe(Xynthia case study)

**For the model configurations N1, N2 and,M3temporal output resolution is also the temporal resolution afdghpling between

GTSM and the local highesolution model.
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3 Sensitivity analysisof the modelresults

3.1 Multiscale storm surge modelling

Figure8 panels a, e anidshow the maximum water levels simulated by GllHethree case studies, and depict the maximum
observed water levels for various GESLA tide gauge statiomsinderstand theffect of eachindividual refinement in the
maximum water leve| Figure8 presents the differences in maximum water levels between each refineméhné anodel
configuration G1Figure9 presents the differences in maximum water levels between the fully refined model configuration

N3 and the model configuration G1.

3.1.1 Effects of higher resolution onwater levels

Figure8 panels b, f, j showhatthe refinemenof temporal output resolution of GTSM frordhburly tothe10-minute intervals

of G2results in higher maximum water levels across the entire model domain for all three case studies. For TC Bma (Fig.
panel b), the sensitivity of the water levels to the temporal refinement is relativelylsssatharl0 cm.The small effect of

the temporal refinement for TC Irma can be obsea®dvellin Table A1 and Fig. & where G1 and G2 present similar
timeseries and performance coefficients when compared to observed water RevelsC Haiyan Fig. 8 panelf), the
sensitivity of the water levels is significant. Water levels increase due to thersmgiinement up t&8 m alongthe coastlines

where TC Haiyan made landfall, showing thdtdurly resolution is too coarse to accurately capture the water level response.
The cause for this thatTC Haiyan had a rapid intensification, and when modelling water levelhatirly resolution we
overl ook the stormdéds peak, resul ti ngG2howewmcaucapduesithe gedkioima t |
TC Haiyan more precisely (s&égs. A and Ab). For ETC Xynthia Fig. 8 panelj), the sensitivity of the water levels to the
temporal refinement is relatively smdkss tharlO cmon averageand slightlyhigherin enclosedasins and estuariegar

La Rochelle The small changes in water levels for ETC Xynthia are due to the inherent characteristics of ETCs, which typically
have larger dimensions, lower intensity, and a slower rate of intensification compared to TCs. This means that the changes i
water levelscan be well captured at ahburly resolutionThe smalleffect of the temporal refinemefdr ETC Xynthiacan

be observeds wellin Table Al and Fig. 8, where G1 and G2 present similar timeseries and performance coefficients when

compared to observed water levels.

The model configuration G3vherethe spatial output resolutias refined is not shown inFig. 8 because increasirthpe
number of water level locations does not change the water level values themselves. However, this refinement become
significant when these values are applied as coastal boundary conditions to SFINCS (se&.2eltian a greater number

of coastal boundary conditions offer additional information for the flood model.

3.1.2 Effects ofdynamic downscalingwith original bathymetry on water levels

Figure 8 panelsc, g, k show thathe model configuration Ntesults insignificantchanges in water levels for all case studies.
The largest differences occur along the cqastere thdargestchanges in model grid size resolution ocdwor TC Irma
(Fig. 8 panel c), the nesting of a local model at higholutionwith GEBCO2019%esults in maximum water levels thatup

to 0.3 m higher thanG1in the soutlvestof Florida Thesedifferences betweeN1 and G1 graduallincreaseovertime and

are maximum at the peak of TC Irrfiéig. A10). While highergrid resolution affectshetidal propagatiomrmainly alongthe
coast of FloridgFig. A6 and Figure AJ, storm surge propagatigmmore sensitive ttheused bathymetr{fFig. A8 and Figure
A9). High resolution is needed areas with steep bathymetig contrast to theoarser grid 0651, N1 betterresolves complex
topograplic featuresaround the barrieislands(Fig. All), allowing water toflow more freelythroughthese barriersit
timestep 1609-2017 in Figure A10when there is a negative surge north of the barrier island, G1 produces higher water levels
because water remains trappedhe north Conversely, during the peak of TC Irntm the 1109-2017, the water levels in
G1 are lowethan N1because less water is able to travel northwdrds.increased northward surge of N1 propagates further
into the Gulf of Mexico lealing tohigherwater levels that also propagate further imeGulf of Mexico (see Figure A1

Water levels for nine tide gauge stations along the coast indicatehihetG1 underestimasghe peak of TC Irma imost
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283 locations (Fig. A2, all stations but station R)1 simulaten averagéigher peaks, resultingometimesn overestimations

284  (Fig. A2, station 9. Theimprovedresolution of topographic features in the barrier isleeglonallows stations nearbffig.

285 A2, statiors 4 andd) to bettercapture the v e paakc@mpared td1. Additionally, the performance of N1 is slighthetter

286 than G1for six tide gauge stationtationsl1-6), as reflected in Table Al, which shows lower RMSE valtiesvever,for

287  stations 79, G1 showsslightly higherRMSE andP e a r sareldiien.For TC Haiyan Fig. 8 panelg), the differences in

288 maximum water levelareup to 1m higher thanG1 near the landfall regions. These differences occurtaltiee refinement

289  of the grid from 2.5 km to 45 pwhich results in a significant increase in the number of model grid cells that define regions
290  of shallow bathymetry, especially around the bay near Tacloban, resulting in a more depa#sdntationf water levels in

291 that region.Thanks to the increase on grid cetlse strait north of Taclobafor N1 is defined with multiple grid cells in

292  comparison to the two grid cell width of Gsee Fig. A2). Therefore, in that region N1 allows tobetter resolve the

293  topography of the regigrand water can travehore easilynorthwards For ETC Xynthia Fig. 8 panelk), the water levels

294  from the nested local model at higisolution are overalbwer than water levels for tHel. Near La Rochelle, those water
295 levels areup to 0.2 m lower. When comparinghe performance of N1 with G(Table Al andFig. A3), both model

296 configurations can predict the timeseries pattget, with high Pear sonOveralldhe RMSEIfaat i on

297  Xynthia is similar for most tide gauge stations, except for two stalibimased in the mouth of estuarigdations 3 and 6)

298 3.1.3 Effects ofdynamic downscaling with updated bathymetryon water levels

299  Figure8 panelsd, h, | show thatthe model configuration N2esults in relatively large changes in the water levels for all the
300 case studies. The largest differences occur along the emasgovide figures similar to those from NFor TC Irma Fig. 8

301 paneld), the nesting of a local model at higésolutionwith updated GEBC0O2023 bathymetsults in maximum water
302 levels that are 8.m higher tharG1in the south of Florida@Compared to N1, model configuration N2 provigéghtly higher
303  water levels south of Florid@hose differences come frodifferences betweeBEBC02023and GEBC0O2019 in the region
304 N2 shows a similar performance to G1 and N1 acnasstide gauge stations (Table Al and Fig. A2y TC Haiyan Fig. 8

305 panelsh), the differences in maximum water levels apeto 1m higherthan Glatthelandfall regionsCompared to NIN2

306 provideson average highemaximum water leve|sexcept in the bay of Tacloban where N1 presentaveragehigher
307 maximum water levelsThese differences come from the differences in GEBC02019 and GEBCO202BTC Xynthia
308 (Fig.8paneld), the water levels from the nested local model at-négiolutionwith GEBCO2023are lowermverallthan water
309 levels forG1. Compared to N1, the model configuration N2 provides a similar pattern of water level decrease, however, the
310 maximumwater level reduction compared to G1 is slightly less than forT&.performance of N2asshown in Table Al
311 and Fig. A3is comparable to that &1 and N2, excemttwo tide gauge statior(station 3 and 6\vhereGEBC02023 does
312 not accuratelgapture thdathymetry of theiver channels in the estuaries. In cogtrEMODNET2018 the bathymetry used

313 in model configuratiomN1, betterresolves these detailsee Fig. A3).
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315 Figure 8. Maximum water levels for the three case studies fdg1 (panels a,g, i). Difference between the maximum water level for
316 each specific modetonfiguration (see Table 1and G1. Panels a, e, i show observed maximum water level from tide gauge stations
317 of GESLA. Difference in water levels forG2 (panels b.f, j), N1 (panels c, g, kand N2 (panelsd, h, ).

318 3.1.4 Effects of a fully refined model onwater levels

319 In Fig. 9 we observe that the maximum water level differences bethM8andG1 lead to significantly different results for
320 each case study. For TC Irh& provides higher maximum water levels throughout almost the whole the doesilting

321  in apicture similar to N2 but with higher water levels along the southeast @twsmaximum differences in maximum water
322  levelsbetween N3 and Nare up to B m. For TC HaiyarN3 provides maximum water levels that resemble a combination of
323 G2 in the regions where temporal refinement is relevant, and N2 in the rest of the study area. The diffsmeeers\N3 and
324  Glin maximum water levels for Haiyaaremore thar2 m in the coast near Taclobdfinally, for ETC XynthiaN3 provides

325  slightly higher maximum water levels in the south of the domampared to Glwhere the effects of G2 predominaaed

326 lower maximum water levels the northwhere the effects of N2 are more dominant.
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configuration N3 (panels b, e, h). Difference between the maximum water level fdi3 model configuration andG1 (panels c, f, i).

3.2  Hydrodynamic flood modelling

As a second step in the sensitivity analysis,analyse how the effects of the differestbrm surgemodel configurations

propagate to th8FINCSflood model.In Figurel0we comparghe maximum flood depthsf each refinement and GEigure

11 showsthe maximum flood depth differences betw&hand G1

3.2.1 Effects of higher resolution onflood depths
Figure10 panelsh, g, | show thathe refinemenof GT S M6 s

of G2provides different results for each case study. For TC IRiga10 panel b), the small increase in water levels as a result
of the temporal output refinement (Sectihd.]) also results in a small increase in flood depths. Conversely, TC H&igan (
10panelg) experiences much higher water levaisng the coasit higher temporal resolution. As a result, it also experiences
significantly higher flood depths, surpassi@d by 1m in regions near Tacloban. ETC Xynthigig( 10 panell) experiences

an increase in water levels along the coast for thmib@ite temporal output resolutioaspecially in the study region of

tempor al

0 uhouyrlyto 10miauseadntenvalsi o n

SFINCS. Thisresults in aincrease in flood depths op to0.1 m.For ETC Xynthia,G2 shows a higher hit ratnd false

alarmratio compared to Glhutthe same critical success ind@eeFig. A15).
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Figure 10 panels c, h, nshow thatrefinement othe spatial output locationsf G3 provides coastal boundary conditions to
SFINCS at additional locations, thergimpviding morewater level input to the flood modéligure10panel ¢ shows that this
refinement results in lower flood depths naatid aroundacksonville for TC Irma. Conversely, for TC Haiyan (Rigpanel

h), the increase in spatial inputs results in higher flood depths in most of the study area, particularly excmedingil m
theG1flood depths around Tacloban. For ETC Xynthia (Eigpanelm) the refinement of spatial water level inputs leads to
higher flood depths north of La Rochetifup t00.1 m while south of La Rochelle there drarely anychanges compared to
G1. For ETC XynthiaG3 showsthe same hit rate as Giigherfalse-alarm ratioandthe same critical success indeeé¢Fig.
A15).

3.2.2 Effects ofdynamic downscalingwith original bathymetry on flood depths

Figure10 paneldd, i, n showthat the model configuration N&sults insignificantchanges ithe flood depth$or all the case
studies For TC Irma Fig. 10 panel d), nodel configuration N1 leads to slightly higher water levels in comparison to G1.
Consequently, the resulting flood depths are kEsgerand aremore thar0.2 m above those of GMaximum water levels

for TC Haiyan Fig. 10 paneli) aregenerallyhigheralongthe bay of Tacloban when applying dynamic downscaliiily the
original bathymetryThis resultson averagén higher flood depthsf more thanl m compared to GEinally, ETC Xynthia
(Fig. 10 paneln) presents lower water levels fbil compared to G1Those lower water levels lead to lower flood depths
across the whole model domakor ETC Xynthia, N1 showa lower hit rate and falsglarm ratio compared to Gandthe

same critical success indéseeFig. A15).

3.2.3 Effects of dynamic downscalingwvith updated bathymetry on flood depths

Figurel1l0panels e, j, 0 show that the model configuration N2 resuttigimificant changes in flood depths for all case studies.
For TC Irma Fig. 10 panel e), model configuration N®dmpared to G1 leads to higher and lower water levels, depending on
the region Consequently, the resulting flood deptbs N2 vary between 0.05 m lower to more than 0.2 m higher than G1
Maximum water level$or TC Haiyan Fig. 10 panel ) aregenerallyhigherin the bay of Taclobafor model configuration

N2 (when applying dynamic downscalingth the updated bathymejrgompared to GIThis results inargerflood depths
which, in some regionsesult inmore than 1 ninighercompared to G1. Howevean the Tacloban Bay N1 results on average

in higher maximum water levels than N2, whielads tolower flood depths for N2 in comparison to NAinally, for ETC
Xynthia (Fig. 10 panel ¢ water levelsare lowerfor N2 compared to GIThose lower water levels lead to lower flood depths
across the whole model domakor ETC Xynthia, N2 shows a lowéit rateand falsealarm ratiocomparedo G1,andthe

samecritical success indefseeFig. A15).
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373 Figure 10. Panels af, k show the maximum flood depth forthe default configuration G1, for each case study. Panels lg, | show the
374  difference between the maximum flood depth fothe refined temporal output resolution configuration G2 and G1 Panels ch, m

375 show the difference between the maximum flood depth fahe refined spatial output configuration G3 and G1 Panels d,i, n show
376 the difference between the maximum flood depth fothe dynamic downscaling (refined grid) configurationN1 and G1.Panelse, j,

377 o show the difference between the maximum flood depth fothe dynamic downscaling (refined grid and updated bathymetry)
378  configuration N2 and G1.

379 3.2.4 Effects of a fully refined model on flood depths

380 For TC IrmaN3 provides higher water levels throughdartge parts ofhe domain(Section3.1.4) that translate into higher
381 flood depthsup tomore tharD.2 m near JacksonvilleFor TC HaiyanN3 provideshigh water levels near TaclobgB8ection
382  3.1.4, translating intchigh flood depthsup to more than 1 nFinally, ETC Xynthia preseniswer water level$or N3 near
383 La Rochellg(Section3.1.4), whichtranslate intdower flood depthsalong the coast
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386 Figure 11. Panels a, d, g show the maximum flood depth for the default configuratioB1 for each case study. Panels b, e, h show
387 the maximum flood depth for thefully refined configuration N3. Panels c, f, i show the difference between the maximum flood
388  depth for N3and G1.

389 To analyse the changes of flood depths divee, Fig. 12 panelsa, b, cshowtheflood depthtimeseriesat the SFINCSoutput

390 pointlocationsoutlined in Fig. 11, for all the model configuration§ hetiming andshape of the flood depth timeseries remain

391 consistent across all the model configuraditor all the case studiean only slightdifferences irthe magnitude of the flood

392  deptts are visible Figure 12 panel a shows that farC Irmaall the model configurations result in similar flood depths, and

393 only N1 results in slightly higher flood depths of about 0.1 m more than the difgene 12 panel b shows that farC Haiyan

394  G1 results in the lowest flood peak, whitee temporal resolution of G2 plays a key raehancing the flood peak up

395 approximately 1 m higher than GHinally, Fig. 12 panel ¢ shows that fall global model configurations (G1, G2 and G3)

396 resultin a first flood peak that &pproximately 0.5 m higher than those of the nested model configurations (N1, N2 and N3).
397 The second peak is simulated more similarly by all model configurations, being N1 the configuration that provides lowest
398 flood depths.

399  Panels a, b, cifrig. 12 only show the results for a singddINCSoutputpointlocation However, the refinemesinight have

400 most effect inotherregions different than th&FINCS output point location§o understand the overall effect of each
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refinementn the flood hazard mapkig. 12 panels d, e, $howthe flood volume timeserieacrosseach of thecase study s
model domain While the timing and shape of the flood volume timeseries remains consistent across rabdile
configurations for all the case studies, there are differences in the magnitude of the flood vieigune42 panel d shows
that for TC Irmathe nested modelsad tothe highest flood volumes being N3 the model configuration that simusatee
highest flood volume. On the other hand, the increase in spatial @ftpTSM fromG3 results in the lowest flood volumes
Figurel2panel e shows thabif TC HaiyanN3 also leads to the highest flood volumes, while G1 resulkelowest volumes
Finally, Fig. 12 panel f shows that for ETC Xynthtae nested model configurations lead to the lowest flood volumes, while
the global models result in higher flood volumes.

Irma Haiyan Xynthia
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Figure 12. Flood depth timeseries for three observation points and flood volume timeseries for the SFINCS model domain of each
case studyand model configuration (see Table 1)The spatial location of the SFINCSutput point locationscan be observed in Fig
llpanelsa,d, g

4 Discussion

4.1  Sensitivity analysisand model validation
The results of theensitivity analysiseveal the complexity diydrodynamic modellingnd the sensitivity to specific local

settings and storm characteristi¢be effect ofnesing higher resolution modelsn water level and flood deptraries For
instancethe fully refined model configuration N3imulates higher water levelslmosteverywhere folTC Irma However,

for TC Haiyan and ETC Xynthjacertainregionsshow higherwater levels with N3, whil®therregionsshow lower water
levels compared tthedefaultglobal G1 configuration Similarly, flood depths around Jacksonvilke TC Irma are generally
higher withthe refined model configuratidN3, although some areas experience lower vak@sTC Haiyan in Tacloban,
flooding significantly increases witthe refinementswhereas for ETC Xynthia flood depths decrease notably around La

Rochelle.

Refining the temporal output resolutigmodel configuratior52) has asignificantinfluenceon small rapidly intensifying
TCs like Haiyan Compared to the defawgtobal configuration G1, thigesulsin water levels and flood depttisat are2 m
and 1 mhigher. For ETCs therefinemenbof temporal output resolutiotioesnotlead to substantial changesamater levelsor
flood depthsindicating thata 1-hourly temporal resolutiois sufficient Refining the spatial output locations of GT$Model
configuration G3)provides morealetailedcoastal boundary conditions for SFINCEhis ismostrelevantfor regionswhere
the coastalwater leves show large spatial variationBor TC Haiyan, for exampletheincrease otoastaloutput locationsn
the bay of Taclobafrom 4to 20 location(see Fig.7), leads to flood depths 1 m highéhanG1. Furthermoreregions with

more complex topographies such asgbeth of Florida for TC Irma or thEacloban bay for TC Haiyaareinfluenced by the
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grid refinement of N1, leading targer differences with G1 in terms or water levels and consequently, floddiegpdating

of bathymety also plays a importantrole, contributing tadifferencesbetween N1 and Naiiall the case studies.

The validationof our results alsdighlights the complexitiesof hydrodynamic modéhg, and how each specific setting
impacts overall performanch.is challenging to assess thimrm surgenodelperformancelue to the limited number ¢ile
gauge stations availabldth poor spatial coverge in many regionfHaigh et al., 2023)Another source of uncertainty is the
location ofthesetide gauge stations, whidre oftensituatedin enclosed basins or hatlys, where hydrodynamic models
have more difficulty simulating water levels compared to open sea condifiesgles, the validation of the flood hazard
models is difficult due to the contribution of other flood driveeglected in this studi{rheautomateduncalibrated MOSAIC
configurationstested in this study have stormsurge modelling performancgith Pe ar sonds corr el ati or
averageRMSE less than 0.3 niThese results aemparabldo the wellestablished GTSM modé@Wuis et al., 2016and to
otherlarge scalestudies(Gori et al., 2023; Marsooli and Lin, 2018; Vogt et al., 20Silarly, theflood hazard modénhg
results aligrwith those from othestudies thasimulatedcoastal floodindrom ETC Xynthia(Ramirez et al., 2016; Vousdoukas
et al., 2016h)All model configuration refinements perfoadequately, with similar results, making it difficult to determine
which confguration consistentlgrovides the best overall performarizsed on the validatiofhis outcome largely depends

on the storm characteristics and regional topography.

4.2  Limitations
There areseverallimitations that need to be taken into account when using MOSAiqitations that are linked to general

flood hazard modellingnd not specific to MOSAI@clude the following: (1}he meteorological forcindatacan be darge
source of uncertainty whanodelling extreme water leve(Bullaart et al., 2020)MOSAIC allows tocombine the results of
the Hollandparametric windnodel with climate reanalysis datastt®nhance the wind and pressure fields apgrgheries
of the TCsNonethelesghe implementation ahore advancegarametriovind modelsor highresolution climate dateould
further improve the water level simulatiofimanuel and Rotunno, 2011; Hu et al., 20{2)the accuracy of the bathymetry
has a large influenaen storm surge modellingMori et al., 2014; Woodruff et al., 20233lobal bathymetrys rather coarse
and can havedarge error§fWeatherall et al., 2020but for many regions higtesolutionand accuratdathymetry is not
available.Thiswill impact the effect ofdynamic downscalingyvhereMOSAIC use bathymetrydatato generate the model
grid. Using higter-resolution local bathymetrgnables finegrid refinementand higher azuracy of local datéConsortium
EMODnet Bathymetry, 2018; NOAA, 2014; NOAA National Geophysical Data Center, 2001gh can enhancéhe
accuracy of theesuls (Woodruff et al., 2023)(3) the accuracy ofligital elevation models (DEM¢d)as a large influence on
flood modeling (Hawker et al., 2022)n this paper we udeABDEM and IGN but MOSAIC allows to replace the DEM with
any datasetand ve recommendses of MOSAIC to use the beslata availabldor theirregion of interestin addition to the
effects of DEMs, the presence of flood protection structiiasssubstantial impact on flood hazard modei& neglection of
dikes in our SFINCS modéds one of the reasonsur modelling framework overestates flooding for ETC Xynthia.
MOSAI C6s Ildompanentipporsthe implementation of levees as 1D line featimés the SFINCS model, and this

capability could beisedwhen there is local information dimod protectiorevels

The main limitation specific to the automatagproach oMOSAIC is related tahe generaibn of thelocal highresolution
models These automatically generatetbdelscan present instabilities when refined grid cells are present at the model
boundaries. Therefore, care needs to be taken when apgiyiagic downscaling. To solve this problem the fx8tdegrees
around the model domaare notbeing refinedn this study When changes igrid refinement arabrupt for example due to
steep bthymetry, modelinstabilitiescan alsaccur. The nesting of multiple modéfseach othewould allow for asmoother

grid transitionand might solve this issueNevertheless, it is recommended not to place the model boundatiasy

topographic complex regiongurthermore, it is to be noted that the models presented here (except Gihralibrated
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Although they present an adequate performanetailed cabration of thebed level,bottom friction and roughness

coefficientscould improve the modelling resulfé/ang et al., 2022b)

Automated modelling toolske MOSAIC have the advantage of being efficiar@ducing potential human errors aneing
reproducible and transparent. However, they also have their limitatizess must be aware of the underlying modgllin

assumptionsand shouldcarefully review the model outputs thfeir specificcase studyRemmers et al., 2024)

4.3  Directions for future research
Thereare various direction to further develo@nd improveMOSAIC. In this study we haveimplemeneéd MOSAIC to

simulatecoastal floodingdriven bystorm surgesHowever,flooding typically results from a combination of various drivers
Our resultsunderestimate flooding near estuaries and deltas due ¢éxc¢hesionof precipitation and river dischargand near
steep coasts due to theclusionof waves and overtoppin@onsideringhat HydroMT and SFINCS$an ircludepluvial and
fluvial drivers(Eilander et al., 2023}here is potentiab incorporatehemodelling of compound eventsto MOSAIC. Waves
can significantlycontributeto coastal floodingnd in some regions, atthe dominant driver of extreme water lev@Parker

et al., 2023)However, thenclusion ofwave contributionf largescale assessments logen limited due to the computational
costof traditional waveresolving numerical model3hedevelopment of moreomputationally efficient wave solveoffers

an opportunity tamplementdynamicwave simulations into largecale assessmerand into MOSAIC For instancel eijnse

et al. (2024) developed a efficient solvercurrently being integrated withinSFINCS Furthermore, His first version of
MOSAIC makes use of offline couply for both the locahigh resolution model and the SFINCS modéhwever, rew
software developments suchtas Oceanogralpic Multi-purpose Software Environmer®@{USeE; Pelupessy et al., 2017)
could be usedo enableonline couping, as wellas to further expand MOSAIC by allowing for coupling with other models
such ashydrologicalor ocean modelsNe envisage various directions for the future application of MOS#d¢ond the
modelling d historical coastal floodpresented herd®y leveraging the flexibility of MOSAIC to modify input datasets, the
modelling framework can be used to study events under histodndl climate change conditions. Furthermore, taking
advantage of MO &édellid@® approach| TCIESC laglesolution hazard assessments can be obtained
globally. When linked to impact modelsych asDelft-FIAT (Slager et al., 2016MOSAIC could also be used for risk
assessments.

4.4  Added value of theMOSAIC framework
The main added value of MOSAIC isfiexibility to simulateanywhere in the worlavater levels and coastal flooding with

customizable datasets and resolutions, enabling efficient, rspgixific storm event simulationtlsers of MOSAICcan
easily simulatstorm evergin any regiorwith thismodelling frameworkFirst, they can select the appropriate meteorological
forcing. Within MOSAIC, users carchoose gridded meteorological data from reanalysis datasets or climate tosifeldate
ETCs or TCsprovided that the data accurately captures the TC wind and pressurddgetten witlieTC Xynthia and TC
Irma in this study) Alternatively, they can seleet hybrid approach that combines the Holland model with ERAS in the
background whemodelling smaller TCsvith rapid intensificationsuch asTC Haiyan in this study)Depending on the
specificstorm simulated and studrea uses canselectdifferent model refinements:or rapidly intensifying stormsusers
canchoose anore refined temporal output resolutiavhile nested modetsanhelp resolving the topography and bathymetry
in regions withcomplex coastlinedf the users have coastal boundary conditiamailable, MOSAICcan automatically
generatestandalone local high-resolution Delft3D FMmodek without having to couple them with GTSMilthough
uncalibratedthese model configurationsemonstratsimilar performancéo the wellestablished global mod&TSM, but at

a significantly lower computational cosThe hydrodynamic flood modellingartof MOSAIC offersuserdefined settingas
well, enabing users to, for instance, choasemost suitabl®EM for thdr study arearimplement flood protection measures
throughMO S A | I@ydreMT component.
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5  Concluding remarks
The MOSAIC modelling framework introduced in tisiidy allows to dynamically simulate coastal flooding evémisugh

the coupling of dynamic water level and overland flood mqdakking use of a Python environment.iSapproach is
automated and reproducible, and combined withutiterlying global datasetsed makes iglobally applicableMO S Al C6 s
flexibility allowsto easily simulate coastal flooding events globally, while atnglocal high-resolutionmodek. Based on
ourresults, weeonclude that the refinement of the global modelling approach can significantly impact the simulation of coastal
water levels and flood depths at local scale, although the differenémsalrsettings make that there is no imefits-all
approachWe recommend higher tgraral output resolutiorof rgpidly intensifyiing TCs,spatial output refinemefdr regions

with heterogeneousvater levels andested local models with higlesolution bathymetry, if availabléor regions with
complex topographied he flexibility and ease of use of MOSAIGnake it a valuable resourféer users tdurther exploe

which arethe optimal settings faheir case studyand region of interest
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524 Appendix A: Supporting tables and figures
525

526 Table Al. Validation indicators that compare the maximum total water levels and observations of GESLA for the case studies Irma
527  and Xynthia.

Irma RMSE [m] Pearson correlation[-]

Station Gl G2 N1 N2 Gl G2 N1 N2
1 0.41 0.41 0.39 0.40 0.92 0.92 0.92 0.92
2 0.28 0.27 0.25 0.25 0.98 0.98 0.98 0.98
3 0.33 0.33 0.32 0.33 0.79 0.78 0.81 0.79
4 0.27 0.26 0.21 0.24 0.96 0.96 0.96 0.94
5 0.35 0.35 0.33 0.31 0.93 0.93 0.93 0.93
6 0.18 0.18 0.17 0.21 0.98 0.98 0.98 0.94
7 0.17 0.17 0.14 0.14 0.97 0.97 0.95 0.95
8 0.39 0.39 0.42 0.45 0.92 0.92 0.90 0.88
9 0.16 0.16 0.18 0.10 0.93 0.92 0.90 0.96
Average 0.28 0.28 0.27 0.27 0.93 0.93 0.93 0.92
Standard deviation  0.09 0.09 0.10 0.11 0.06 0.06 0.05 0.05
Xynthia RMSE [m] Pearson correlation[-]

Station Gl G2 N1 N2 Gl G2 N1 N2
1 0.12 0.13 0.13 0.13 1.00 1.00 1.00 1.00
2 0.27 0.29 0.22 0.26 0.99 0.99 0.99 0.99
3 0.21 0.20 0.47 0.61 0.99 0.99 0.95 0.91
4 0.20 0.21 0.19 0.34 1.00 1.00 1.00 0.98
5 0.18 0.18 0.24 0.25 1.00 1.00 0.99 0.99
6 0.34 0.31 0.49 0.92 0.99 0.99 0.98 0.90
Average 0.2 0.2 0.29 0.42 1.00 1.00 0.9 0.9%
Standard deviation  0.08 0.07 0.15 0.29 0.01 0.01 0.02 0.4
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529 Figure A1l. Maximum water levels output of GTSM, for case study Haiyan, with differentmeteorological forcings. Left: Maximum
530 total water levels with the Holland model combined with ERA5 as a forcingRight: Maximum total water levels with ERA5 as

531 forcing.
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534 Figure A2. Validation of total water levels for the case study Irma, for thenine locations depicted in Fig3.
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Figure A3. Validation of total water levels for the case study Xynthia, for the six locations depicted in Fi@.
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541 Figure A5. Haiyan total water level timeseries for the GTSM output locationgprovided in Fig. A4. Timeseries for the default
542 configuration (G1) and the refined temporal output resolution configuration (G2).
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544 Figure A6. Maximum water levels for the tide onlysimulation of G1 (panel a). Difference between the maximum water level for the
545  tide only simulations of N1 and G1 (panel b).
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547 Figure A7. Water levels for the tide only simulations for the case study Irma model configurations G1 and N1, for the niteeations
548  depicted in Fig. 3.
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550 Figure A8. Maximum water levels for the storm surge only simulation of G1 (panel a). Difference between the maximum water level
551  for the tide only simulations of N1 and G1 (panel b).
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2017).
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Global model Nested model

565

566 Figure A12. Close look at theunstructured grid of the global GTSM modelwith a grid resolution up to 2.5 km along the coastleft)
567 and the nested grid of dynamic downscalingvith a grid resolution up to 0.45 km along the coasfright) , for case study Haiyan.

568

569 Figure A13. Close look at the bathymetry of two stationgtop row: station 6 and bottom row: station 3) that provide lower
570 performance with updated bathymetry, for the case study Xynthia. Left: Bathymetric map of EMODNet2018. Right: Bathymetric
571  map of GEBC02023.
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