
This manuscript is a preprint. 
. 
This manuscript will be submitted to Water (ISSN 2073-4441). 
 
Subsequent versions of this manuscript may have different content. If accepted, the final version of this 
manuscript will be available via the ‘Peer-reviewed Publication DOI’ link via this webpage. 
 
Please feel free to contact any of the authors directly or to comment on the manuscript. We 
welcome feedback! 
 
Kees Nederhoff 
Deltares USA 
8601 Georgia Ave., Silver Spring, MD 20910, USA 
Email: kees.nederhoff@deltares-usa.us 
 



 
 

 
 

 
Water 2022, 14, x. https://doi.org/10.3390/xxxxx www.mdpi.com/journal/water 

Type of the Paper: Article 1 

Dynamic modeling of coastal compound flooding hazards due 2 

to tides, extratropical storms, waves, and sea-level rise: a case 3 

study in the Salish Sea, Washington (USA) 4 

Kees Nederhoff1, Sean Crosby2, Nate VanArendonk3, Eric Grossman3, Babak Tehranirad3, Tim Leijnse4, Wouter 5 
Klessens5, Patrick L. Barnard3 6 

1 Deltares USA, 8601 Georgia Ave., Silver Spring, MD, 20910, USA 7 
2 Western Washington University. sean.crosby@wwu.edu. https://orcid.org/0000-0002-1499-6836 8 
3 United States Geological Survey, Pacific Coastal and Marine Science Center, 2885 Mission Street, Santa 9 

Cruz, CA, 95060, USA 10 
4 Stichting Deltares Netherlands, Boussinesqweg 1, 2629 HV Delft, Netherlands 11 
5 Breinstein Data Analytics BV;  Comeniusstraat 8, 1817 MS Alkmaar, the Netherlands 12 
* Correspondence: kees.nederhoff@deltares-usa.us. Tel : +1 301-642-2415 13 

Abstract: The Puget Sound Coastal Storm Modeling System (PS-CoSMoS) is a tool designed to dy- 14 
namically downscale future climate scenarios (i.e., projected changes in wind and pressure fields 15 
and temperature) to compute regional water levels, waves, and compound flooding over large ge- 16 
ographic areas (100s of kilometers) at high spatial resolutions (1 m) pertinent to coastal hazard as- 17 
sessments and planning. This research focuses on advancing robust and computationally-efficient 18 
approaches to resolving the coastal compound flooding components for complex, estuary environ- 19 
ments and its application to the Puget Sound region of Washington State (USA) and greater Salish 20 
Sea. The modeling system provides coastal planners with projections of storm hazards and flood 21 
exposure for recurrence flood events spanning the annual to 1-percent-annual chance flood, neces- 22 
sary to manage public safety and the prioritization and cost-efficient protection of critical infrastruc- 23 
ture and valued ecosystems . The tool is applied and validated for Whatcom County, Washington, 24 
includes a cross-shore profile model (XBeach) and overland flooding model (SFINCS) and is nested 25 
in a regional tide-surge model and wave model. Despite uncertainties in boundary conditions, 26 
hindcast simulations performed with the coupled model system accurately identified areas that 27 
were flooded during a recent storm in 2018. Flood hazards and risk are expected to increase expo- 28 
nentially as sea level rises in the study area of 210 km of shoreline. With 1 meter of sea-level rise, 29 
annual flood extents are projected to increase from 13 to 33 km2 (5 and 13% of low-lying Whatcom 30 
County) and flood risk (defined in USD) is projected to increase fifteenfold (from 14 to 206 million 31 
USD). PS-CoSMoS, like its prior iteration in California (CoSMoS), provides valuable coastal hazard 32 
projections to help communities plan for the impacts of sea level rise and storms. 33 

Keywords: 1; compound flooding 2; flood hazard; 3; flood risk; 4; SFINCS  34 
 35 

1. Introduction 36 
Coastal and inland flooding damages property and endangers lives. In 2021, natural 37 

disasters worldwide caused roughly $280 billion worth of damage, with $65 billion esti- 38 
mated to be caused by Hurricane Ida alone [1]. Many locations in the United States (U.S.) 39 
and around the world are experiencing increases in storminess and heavy precipitation 40 
events, a trend that is expected to accelerate with climate change and further exacerbate 41 
flood hazards globally (e.g., [2], [3]). Coastal flooding is becoming more frequent and ex- 42 
pensive as sea-level rise (SLR) accelerates [4]. Nuisance flooding is predicted to increase 43 
in the future [5], resulting in a doubling of flooding frequencies during the coming 44 
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decades at many locations from the combination of SLR [6] and changes in storm and 45 
wave energy [7]. Additionally, and particularly for the Pacific Northwest, where precipi- 46 
tation already contributes to overland coastal flooding, rainfall intensity is expected to 47 
increase 20-50% by the 2080s [8].  48 

Accurate assessments of flood hazards and risks are needed for awareness, preven- 49 
tion, and mitigation. Flood risk is defined here as the product of the probability of a flood 50 
event and of the potential adverse consequences for human or economic activity (e.g., af- 51 
fected people or monetary value; [9]). Currently, several modeling systems exist that allow 52 
for physics-based modeling of flood hazards. The Sea-Level Rise and Coastal Flooding 53 
Impacts Viewer [10] estimates coastal flooding associated with climate-driven sea level 54 
rise based on a static, ‘modified bathtub’ approach, incorporating SLR and astronomical 55 
tides only. This method is practical and easy to implement but misses important local 56 
dynamics (e.g., wave-driven water levels and storm surge) of the flood event. The Federal 57 
Emergency Management Agency (FEMA) also provides nationally recognized flood haz- 58 
ard maps, called the Special Flood Hazard Area (SFHA). SFHA is defined as the area that 59 
could be flooded with a 1-percent chance of occurrence in any given year, also referred to 60 
as the base flood elevation or 100-year flood. SFHA is calculated from a set of hydraulic 61 
models that meet requirements for mapping. It does not provide information on more 62 
frequent events (e.g., the annual event) nor the effects of sea level rise and/or projected 63 
climate change on flooding. Both NOAA and FEMA flood products are available across 64 
most of the U.S. The Coastal Storm Modeling System (CoSMoS; [11], [12]) has generated 65 
detailed predictions of storm-induced flooding for California, incorporating coastal water 66 
levels driven by astronomic tides, surge, waves, sea level anomalies, and riverine flows. 67 
However, it does not investigate all possible combinations of the land-based components 68 
of coastal compound flooding (i.e., a phenomenon in which two or more flooding sources 69 
occur simultaneously; [13]). 70 

In this paper, we introduce, validate, and apply a workflow for the analysis and pre- 71 
diction of both frequent and infrequent compound flooding hazards and risk on spatial 72 
scales of hundreds of kilometers across different geomorphic settings and for dozens of 73 
realizations (i.e., events driven by tide, surge events and wave-driven storms, but also 74 
several sea level rise scenarios). This is part of the Puget Sound Coastal Storm Modeling 75 
System (PS-CoSMoS), which has been designed to assess flood hazards ranging from nui- 76 
sance flooding to severe storms for the current and future climate, incorporating SLR pro- 77 
jections and changes in atmospheric forcing for fjordal estuary environments like the Sa- 78 
lish Sea. This work improves upon model frameworks developed for San Francisco Bay 79 
[14], and smaller embayments across California ([15], [16], [12]), demonstrating that PS- 80 
CoSMoS can be utilized across other sheltered estuaries throughout the world. This paper 81 
will focus on the overland flooding component of the workflow for a novel application in 82 
Whatcom County, Washington. 83 

2. Study Site 84 
The Salish Sea is a large fjordal system of flooded glacial valleys that includes the 85 

Strait of Georgia, Puget Sound, and the Strait of Juan de Fuca shared between British Co- 86 
lumbia, Canada, and Washington State (Wash.), United States. This geomorphically-di- 87 
verse estuarine system is comprised of a network of channels, shoals, and islands, encom- 88 
passing numerous watersheds that provide fresh water to the region. The shoreline is 89 
highly meandering and complex and extends 2600 km just within the United States por- 90 
tion of the Salish Sea. Swell from the ocean propagates into the basin along a narrow por- 91 
tion of the Salish Sea through the Strait of Juan de Fuca, while local winds dominate the 92 
wave climate elsewhere.  93 

Whatcom County is located in the northwestern corner of Washington, bordered by 94 
the Canadian Lower Mainland to the north and the Salish Sea to the west (Figure 1). It 95 
covers approximately 5,460 km2 and is home to diverse geology and ecosystems ranging 96 
from coastal estuaries to glaciated volcanic peaks. The total shoreline length is estimated 97 
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to be 210 kilometers. Whatcom County’s estimated population is ~228,000, with the largest 98 
population center being the coastal city of Bellingham with almost 100,000 housing units 99 
with a median value of $369,000 [17]. The largest contributors to GDP in Whatcom County 100 
include manufacturing, real estate, government, and health care. Accurate risk estimates 101 
are needed by shoreline planners that better address the magnitude and joint probability 102 
of the compound effects of sea-level rise and extreme events on people and property.  103 

Elevations in Whatcom County range from sea level to a high point of >3000 meters 104 
at the active volcano Mount Baker. In geological times past, the Fraser River in the Lower 105 
Mainland of British Columbia had a southern fork, creating the flat geography of a delta 106 
plain in that area that ensures productive farmland for dairies and berry growing called 107 
the Fraser Valley. The Nooksack River drains the area around Mount Baker, similar to the 108 
Fraser River, through the lower agricultural area and drains into Bellingham Bay. Other 109 
important areas in Whatcom County are 1) Lummi Bay with Lummi River, a historical 110 
distributary of the Nooksack River, 2) Lummi Island, just west of the coast of Bellingham, 111 
3) the United States-Canada border at the 49th parallel, which created Boundary Bay and 112 
the United States-portion of Tsawwassen Peninsula called Points Roberts. Beaches are 113 
characterized by a platform that reaches between mean lower low water (MLLW) to the 114 
base of the coastal bluffs. Extensive sections of the shoreline consist of engineering fea- 115 
tures in the form of sea dikes and armoring or low-lying delta between mean higher high 116 
water (MHHW). As a result of this characteristic morphology, minimal wave energy is 117 
dissipated at high tide, and waves impact the beach directly [18]. 118 

The tides in the Salish Sea are classified as a mixed semi-diurnal meso-tidal regime 119 
in which tidal ranges are amplified when propagating into the system from the Pacific 120 
Ocean, with a ~2 m tidal range in Bellingham Bay. Storm events are primarily driven by 121 
intense low-pressure weather systems originating in the eastern Pacific Ocean that make 122 
landfall between Oregon and Vancouver Island, British Columbia [19]. Coastal impacts 123 
and high-water levels in the Salish Sea are therefore influenced by a combination of off- 124 
shore (Pacific Ocean) steric sea level anomalies, inverse barometer effects, and local wind- 125 
driven setup. Maximum surge levels are generally in the range of 0.8 to 1.0 m (e.g., [20], 126 
[21]). The wave climate in the Salish Sea is complex; swell dominates on the outer coast 127 
and western Strait of Juan de Fuca (wave periods typically >10s), while wind-sea (wave 128 
periods typically < 5 s) is dominant in the Georgia Straight and Puget Sound with wave 129 
heights generally less than 2 m [21]. 130 
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Figure 1. Whatcom County is located in the Pacific Northwest of the United States of America (panel A). Panel B provides an over- 132 
view of the area of interest in Whatcom County, Washington, and numbered SFINCS model domains. Panel C shows the validation 133 
site with an observed wrack line in Birch Bay for the December, 2018 storm, and XBeach model domain. © Esri, DigitalGlobe, Geo- 134 
Eye, i-cubed, USDA FSA, USGS, AEX, Getmapping, Aerogrid, IGN, IGP, swisstopo, and the GIS User Community. 135 

3. Materials and Methods 136 

3.1. Overview 137 
The framework utilizes multiple numerical models that interact to achieve the goal 138 

of predicting overland flooding (Figure 2). Two of the model components 1) the regional 139 
hydrodynamic (tide-surge) model and 2) the regional wave model for swell and wind 140 
waves, are described in detail in separate manuscripts ([22], [23]). This manuscript focuses 141 
on overland flooding. The numerical methods applied for the computation of overland 142 
flooding are based on a series of cross-shore profile model applications using XBeach ([24], 143 
[25]) and overland flooding model domains using SFINCS [26]. These models were gen- 144 
erated and automatically linked using MATLAB scripts that were developed to create, 145 
process input/output data, and run the models.  146 

First, regional boundary conditions are based on 1) the hydrodynamic (tide-surge) 147 
model as developed by [22] and 2) the wave model for swell and wind waves developed 148 
by [23]. The regional hydrodynamic model is a Delft3D Flexible Mesh [27] model to com- 149 
pute tide and surges across the Salish Sea. The regional wave model is a combination of a 150 
linear transformation of Pacific Ocean swell and locally generated wind waves. Moreover, 151 
data on daily-averaged discharges and downscaled winds are used as input to the entire 152 
workflow (details described below). 153 
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Secondly, the XBeach transect-based models were generated based on the local shore- 154 
line orientation and forced with a range of water levels and wave heights for the Whatcom 155 
County study domain in order to create a lookup table (LUT). This approach was followed 156 
to reduce the computational costs when computing static wave setup and dynamic in- 157 
coming wave forcing close to the SFINCS boundary. 158 

Thirdly, a series of two-dimensional SFINCS domains were generated along the same 159 
shoreline extent as the XBeach transects (see Figure 1B). SFINCS domains were run for 160 
hundreds of synthetic storms in order to determine compound flood hazards on a cell-by- 161 
cell basis for future climate conditions (sea-level rise and changes in fluvial, wave, and 162 
storm surge conditions). The domains were forced with water levels and waves generated 163 
from the XBeach-based LUT. Required input data and individual components are de- 164 
scribed below, followed by detailed explanations of the numerical methods.  165 

 166 
  167 

Figure 2. PS-CoSMoS workflow. Black boxes are data sources or outputs. Orange circles are pre- and-post processing steps. Pink 168 
boxes are numerical models. Workflow in the green box is described in this paper. 169 

3.2. Input data 170 
3.2.1. Topo-bathymetry and land roughness 171 

Prior to generating the XBeach and SFINCS models, elevation data were extracted 172 
along the entirety of coastal Whatcom County from the Coastal National Elevation Data- 173 
base (CoNED) topographic model of Puget Sound [28]. The CoNED dataset provided a 174 
seamless digital elevation model (DEM) at 1-m resolution and was constructed using the 175 
most recent, high-resolution datasets available (e.g., light detection and ranging (Lidar) 176 
topography, multibeam and single-beam bathymetry, etc.) merging them into a continu- 177 
ous surface. Here, the CoNED data were extracted between the –10-meter isobath up to 178 
the +10-meter elevation contour (referenced to NAVD88) to create the necessary DEMs for 179 
XBeach and SFINCS to account for all plausible scenarios of sea level rise to the year 2100. 180 
The subsampled CoNED DEMs characterize the morphology of the nearshore, beach face, 181 
and cliff surfaces as accurately as possible to enable robust predictions of wave runup and 182 
hydrodynamic processes that influence flooding.  183 

Data from the National Land Cover Database (CONUS; [29]) were converted to 184 
roughness values using Manning’s coefficients following [30] to define a spatially varying 185 
roughness value across each SFINCS model, while friction in open water is set to 0.0As a 186 
result, land roughness varied between 0.020 (open water) and 0.15 (forest). 187 

 188 
3.2.2. Meteorological conditions, water levels, waves, discharges, and sea level rise 189 

The atmospheric forcing for PS-CoSMoS utilized hourly wind data predictions (10 m 190 
above the sea surface) from different sources. For the validation study, the historical now- 191 
cast of the Canadian High-Resolution Deterministic Product System (HRDPS) model was 192 
used, while the Geophysical Fluid Dynamics Laboratory (GFDL) CM3 model for CMIP5 193 
(CMIP5-GFDL-CM3) [31] was used for the future climate runs. Atmospheric pressure was 194 
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not included within the smaller SFINCS domains since variations are deemed negligibly 195 
small but were accounted for by the regional water level model used to force the XBeach 196 
and SFINCS models. 197 

PS-CoSMoS applies a Delft3D Flexible Mesh model to compute tide and surges across 198 
the Salish Sea. The model is highly skillful in reproducing still water levels (SWL) with a 199 
mean error of ~10 cm across 6 NOAA tide stations and 7 additional USGS tide gages over 200 
the period 2017-2019 [32]. Still water levels, defined here as water levels driven by tide, 201 
steric sea level anomalies, and storm surge, were directly based on the regional Delft3D 202 
FM model and applied to describe time-varying water level variations. For more infor- 203 
mation, one is referred to [22] 204 

Waves were computed from the combination of local wind waves and linear trans- 205 
formation of swell accounting for the time-varying water level output from the tide-surge 206 
model. This approach allows for rapid wave predictions on high spatial resolutions and 207 
long-term regional predictions and has a similar skill compared to typical SWAN [33] im- 208 
plementations. Wave height and period are applied to compute wave transformation. For 209 
more information, one is referred to [23] 210 

Daily-averaged stream discharge forcings were prescribed at 23 locations throughout 211 
the Salish Sea. In particular, data from [34] for United States rivers were used. Data for the 212 
Fraser River are based on data from the Environment and Climate Change Canada His- 213 
torical Hydrometric Data. For further information on discharges one is referred to [22] 214 

In order to investigate the effects of sea level rise (SLR) on coastal flooding in What- 215 
com County, 8 SLR scenarios were assessed. In particular, 0, 0.25, 0.50, 1.00, 1.50, 2.00, 2,5. 216 
3.00 and 5.00 meters relative to the present epoch (1983-2001) are considered. In this paper, 217 
several sea-level rise values were used instead of a specific time horizon in order to bracket 218 
the plausible magnitude of sea-level rise and enable reassessment of flood timing as re- 219 
fined relative sea-level rise estimates are published by the scientific community. For ex- 220 
ample, [4] projected a relative sea level along CONUS of about 0.6-2.2 m in 2100 and 0.8- 221 
3.9 m in 2150. In this paper, downscaled sea level values at Vancouver, British Columbia 222 
for the five categories (low, intermediate-low, intermediate, intermediate-high and high) 223 
from Sweet et al. (2022) are used to provide a time axis for modeled sea-level rise. 224 

 225 
3.2.3. Exposure and hazard layers 226 

Damage computations were performed with HydroMT-fiat1, which is a python pack- 227 
age developed by Deltares, the Netherlands. Delft FIAT (Flood Impact Assessment Tool) 228 
is a flexible open-source toolset for building and running flood impact models that are 229 
based on the unit-loss method [35]. Inputs for FIAT are the hazard layer (flood extent and 230 
water depth with a certain probability of occurrence), exposure layer (object map with 231 
maximum $ damage), and vulnerability (depth-damage curves). 232 

The exposure layer used in Delft-FIAT is based on a method that combines Global 233 
Urban Footprint (GUF; [36]) for the presence of buildings and Global Human Settlement 234 
Layer (GHSL; [37]) for population density. Subsequently, building value is estimated by 235 
combining GUF and GHS with characteristic values for population size and gross domes- 236 
tic product per capita and distributing these values equally across all buildings. The result 237 
is a method that can produce an exposure layer for any place on the globe. In this paper, 238 
we used a population size of 226,847 for Whatcom County based on the 2020 Census. 239 
Depth-damage curves and the relationship of construction cost per capita were based on 240 
[38] Values were optimized to represent the local distribution between land cover types, 241 
including residential, commercial, and industrial. For the United States, a maximum dam- 242 
age per capita of $119,865 was used based on HydroMT-fiat but corrected for reported 243 
inflation between 2010 and 2020 (an 18.69% increase from $100,990) in order to have val- 244 
ues reported in 2020. 245 

 
1 https://github.com/Deltares/hydromt_fiat 
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 246 

3.3. Numerical methods 247 
3.3.1. Cross-shore profile model 248 

XBeach [24], [25]) was applied in one dimension to estimate the cross-shore wave 249 
transformation and wave setup along each transect. XBeach was thus run in profile mode 250 
(as opposed to 2D mode) to reduce computational expense. The XBeach model was not 251 
calibrated but model skill was quantified (see below). The model was applied with stand- 252 
ard parameters throughout this study. The 2-layer non-hydrostatic version of XBeach (XB- 253 
NH+; [39]) was used. Wave growth due to wind cannot be included in XB-NH+. A con- 254 
stant grid spacing of 0.5 m was used, which satisfies the numerical requirements of ~50 255 
points per wavelength for a wave period of 4.5 seconds. The transect runs from deep water 256 
(~6 m) up to +10 m NAVD88 (maximum runup extent) for the most extreme conditions. 257 
For a wave period of 3.5 seconds, this equates to a kh-value (i.e.,wave number k multiplied 258 
with the water depth h) of less than 3 which is the required range for a 2-layer non-hydro- 259 
static model. In the alongshore direction, every 50 m a transect was created. This resulted 260 
in 3,409 transects for the entire Whatcom County.  261 

An additional two-dimensional XBeach-NH+ model (XB-2D) was created to compare 262 
and verify the model results to observed flood extents (see Figure 1C). The XB-2D model 263 
was nested in the same regional hydrodynamic and wave model and compared to SFINCS 264 
maps (i.e., model-model comparison). Grid spacing for the 2D validation was set to 2 me- 265 
ters in the alongshore direction and 0.5 m in the cross-shore direction. The alongshore 266 
distance is 2400 m and cross-shore distance 1400 m. The other settings are similar to the 267 
default of XBeach (and profile models). 268 

 269 
3.3.2. Overland flooding model 270 

SFINCS [26] was applied to predict overland flooding. SFINCS is a reduced-complex- 271 
ity model that approximates the shallow water equations similar to Delft3D and other 272 
physics-based models but with at least 100 times lower computational expense. High-res- 273 
olution topo-bathymetry and land roughness were included in the native 1-m resolution 274 
utilizing subgrid lookup tables [40] . The flux computations were performed at a 10-m 275 
resolution to reduce computational expense. This equates to ~10 points per wavelength 276 
for a wave period of 25 seconds. In total, 29 sub-domains across Whatcom County were 277 
generated using a semi-automated routine that optimizes domain size with less than 278 
100,000 cells per domain. The SFINCS model was not calibrated but instead applied with 279 
default parameters throughout this study. Advection was activated and includes a small 280 
limiter (keyword advlim=1) to reduce instabilities caused by large advection terms. The 281 
overland flood depth was subsequently downscaled from the maximum water levels on 282 
the flux grid to 1 m resolution using a nearest neighbor interpolation in combination with 283 
a box filter of 3 cells.  284 

Still water levels (tide and surge) and wave setup + incoming waves from the XBeach 285 
transects were imposed around the 2-meter isobath. Spatial-variability in wave conditions 286 
from the transects were included. Wave energy for periods shorter than 25 seconds was 287 
excluded from the incoming signal since shallow water equation solvers (such as SFINCS) 288 
have an accurate dispersion relationship for kh<0.1. This simplification results in an un- 289 
derestimation of the computed overland flooding. Moreover, the SFINCS model was also 290 
forced with a wind speed which resulted in locally generated setup and discharges from 291 
local rivers and tributaries. 292 

 293 
3.3.3. Computational framework 294 

Wave transformation lookup tables 295 
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Transects for XB-NH+ were run as a lookup table (LUT) for 8 water levels between 296 
MSL and the highest computed water level and 5 wave heights between 0 and maximum 297 
computed wave height with constant steepness (total of 40 simulations). Values were se- 298 
lected based on the continuous time series from the large-scale hydrodynamic and wave 299 
models. Wave setup was extracted at 20 cm depth and linearly interpolated from the LUT. 300 
No wave-driven setup was imposed for inlets. However, an alongshore filter is applied to 301 
remove large alongshore gradients. Waves at the boundary of the XBeach transects were 302 
based on a spectral fit with a random signal based on the methodology of [41]. In partic- 303 
ular, per transect, we filtered the incoming and outgoing waves and used the incoming 304 
surface level elevation to fit a Gaussian (for low-frequency energy) and JONSWAP (for 305 
high-frequency energy) spectra. Subsequently, the parameters of these fits for the events 306 
were simulate. A random signal per transect was computed. Each transect has its own 307 
variance density function. However, the same random phase difference per frequency for 308 
all transects was used. Again, wave energy for periods shorter than 25 seconds were ex- 309 
cluded. 310 
 311 
Synthetic record generation  312 

The downscaled GCM coupled with the regional hydrodynamic and wave model 313 
was used to describe the future climate. This climate is based on an 85-year time-series 314 
output of the GFDL-CM3 model for the period (2015-2100) for the RCP 8.5 emission sce- 315 
nario. In order to generate more realizations/events, 300 years of continuous synthetic rec- 316 
ord were generated based on water levels and wave parameters computed from the orig- 317 
inal 85-year forecast. The 300 years was chosen to determine a reliable 1–100-year event 318 
(1% chance event) with an empirical extreme value analysis, for which 85 years of data is 319 
not sufficient. This record length was chosen to have a sampling error smaller than ~5 cm 320 
in the return value estimate of SWL extremes with a return period of 100 years (99% con- 321 
fidence interval). The synthetic record was created by, first, decomposing the non-tidal 322 
residual (NTR) by subtracting a tide-only simulation (i.e., without meteorological forcing 323 
or steric sea level anomalies) from the still water level. Second, the longer synthetic record 324 
was generated, assuming independence between the tides and NTR. In practice, this syn- 325 
thetic record generation means that a storm event could occur both during high and low 326 
tide. The synthetic record was constructed by randomly selecting a yearly NTR signal 327 
from the 85-year record. A uniform distribution shift from -1 to +1 days was applied to 328 
the time axis of the NTR to increase variability. Tides were generated from astronomical 329 
components computed from the tide-only model results. Meteorological and wave condi- 330 
tions were assumed to be completely correlated with NTR and associated wind and wave 331 
conditions are directly used in model forcing.  332 
 333 
Storm selection 334 

From the 300-year synthetic record, the largest storms were selected to run in the 335 
overland flooding model domains throughout Whatcom County. Particular storms (or 336 
events) were selected based on a total water level (TWL) proxy based on [42] Total water 337 
level is defined here as the still water level in addition to wave-driven processes such as 338 
setup and swash. We applied a minimum storm duration of 3 days to find independent 339 
peaks. This storm selection was performed per transect and the threshold is set to find the 340 
yearly maximum water level event (i.e., 300 events for 300 years of synthetic record). The 341 
unique storms were combined per SFINCS domain which results in 308 to 371 events per 342 
domain. Note that this is slightly more than 300 since not every transect has the exact same 343 
events. Each event was run for a daily tidal cycle around the peak. The simulation starts 344 
at low water of -0.5 m NAVD88 to avoid low-lying flooding areas in the backshore. In this 345 
iteration of the model framework, no extra events were included based on the discharge.  346 
 347 
Extreme value analysis 348 
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Flood hazards were determined on a cell-by-cell basis in the SFINCS model domains 349 
with an empirical frequency of exceedance and thus without fitting an extreme value dis- 350 
tribution (e.g., GEV or GPD). This approach allows for the full range of compound flood- 351 
ing options without having a priori knowledge of the combination of forcing conditions 352 
that lead to these events. The maximum computed water level, maximum velocity, and 353 
the time wet per event per grid cell were stored. Each storm has a yearly frequency of 354 
1/(n+1), in which n is the number of years in the case of 300 years (i.e., Weibull plotting 355 
position; [43], [44]). This means that the highest water depth computed has a frequency of 356 
1/301 years, the second highest 2/301 (~1/150 years), etc. Model outputs also include a no- 357 
storm condition which is based on MHHW and includes background (i.e., average) wave 358 
conditions. 359 
 360 
Uncertainty estimates 361 

Model results are affected by uncertainties. In particular, in this paper, we distinguish 362 
between uncertainty related to the boundary conditions by water level and waves and 363 
uncertainty related to the elevations in the model grids. We assume these uncertainties to 364 
be uncorrelated unbiased errors and individual sources of uncertainty are summed in 365 
quadrature. The standard deviation for each component is estimated to be around 15 cm, 366 
which leads to a combined uncertainty of ~25 cm (or -50 and +50 cm for 95% confidence 367 
interval; CI). These values are based on 1) metadata from the DEM and 2) model accuracy 368 
as reported by [22], [23]. We included this range in additional model simulations at the 369 
offshore boundary in order to get to high (+50 cm) and low (-50) estimates besides the 370 
‘best-guess’ results. Uncertainties driven by the model performance and vertical land mo- 371 
tion (VLM) are not specifically taken into account, which might result in an underestima- 372 
tion of the error bands. 373 
3.3.4. Accuracy metrics 374 

To assess the accuracy of the model, several skill score metrics were used, including 375 
model bias, mean-absolute-error (MAE), root-mean- square-error (RMSE) and scatter in- 376 
dex (SCI). The latter gives a relative measure of the RMSE compared to the observed var- 377 
iability. The score metrics were computed for water levels and wave heights. For model- 378 
model comparisons, we computed the root-mean-square-difference (RMSD), which is 379 
computed similarly to RMSE. 380 

Model-model comparisons were applied using a binary wet-dry threshold compari- 381 
son similar to [45]. In particular, the hit rate (H) tests the proportion of wet benchmark 382 
data that were replicated by the model, ignoring whether the benchmark flood boundaries 383 
were exceeded. H can range from 0 (none of the wet benchmark data are wet model data) 384 
to 1 (all of the wet benchmark data are wet model data). The Critical Success Index (C) 385 
accounts for both overprediction and underprediction and can range from 0 (no match 386 
between modeled and benchmark data) to 1 (perfect match between modeled and bench- 387 
mark data). Finally, error bias (E) indicates whether the model has a tendency toward 388 
overprediction or underprediction. The condition E = 1 would indicate no bias, 0<E<1 in- 389 
dicates a tendency toward underprediction, and E>1 indicates a tendency toward over- 390 
prediction. 391 
3.3.5. Simulation periods 392 

Flood predictions were made for two type of runs (Table 1). To validate the model 393 
framework a historical storm during December 2018 was simulated for which flood ex- 394 
tents were recorded. The historical storm was run with the XBNH+ model framework (XB- 395 
1D) LUT approach and SFINCS. Model results were compared to the computationally 396 
expensive approach of a XBeach 2D model of the region (XB-2D). A second set of simula- 397 
tions was run for the time period of 2020-2050 to quantify flood hazard and risk based on 398 
the CMIP5 GFDL-CM3 climate projection. Damage and risk assessments were only com- 399 
puted for the projection period. 400 

  401 
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Table 1. Model description and forcing. XBeach transects (XB-1D) are run only for the lookup table 402 
(LUT) runs of 8 water levels and 5 wave heights. This information is used for the validation and 403 
projection runs in SFINCS. A regional XBeach 2D model (XB-2D) is used for validation purposes 404 
only. The FIAT model is only used for the projection runs. 405 

 Pre-processing LUT Developed LUT+ SFINCS setup Reference model 
validation 

Impact 

Model XB-1D LUT SFINCS XB-2D  FIAT 
40 LUT runs Y N N N N 

Validation runs N Y Y Y N 
Projection runs N Y Y N Y 

4. Results 406 
The results section consists of two main parts. First, we discuss the validation of the 407 

model framework based on comparisons to observed flood extents during a recent flood 408 
event in 2018 in Birch Bay, Washington (see Figure 1 for location). Secondly, we discuss 409 
the flood hazards and risk for the current and several future sea level rise scenarios.  410 

4.1. Validation: December 20, 2018, event 411 
For the validation study, model results from the SFINCS model for flood extent (2D 412 

comparison), wave height, total water level, and wave runup (all in alongshore direction) 413 
are compared to a computationally-expensive two-dimensional XBeach-NH+ model (XB- 414 
2D) and observations based on wave runup. XBeach NH+ is used here as a reference 415 
model since it includes all relevant physics to compute wave-driven flooding. Additional 416 
validation of the SFINCS results from domains 10, 11, 12 (see Figure 1 for their locations) 417 
comparing flood extents with the FEMA 1–100-year flood map can be found in Appendix 418 
A. 419 
4.1.1. Overview 420 

High tide in combination with wind-driven surge and waves, resulted in flooding 421 
landward of the Birch Bay Drive roadway in Birch Bay, Washington on Thursday, Decem- 422 
ber 20, 2018. The storm impacted all of Whatcom County, but the most severe impacts 423 
were observed in Birch Bay where significant road damage occurred, causing roads to 424 
remain closed for several weeks. Flooding and damage to homes, property, and infra- 425 
structure occurred along the entire waterfront of Birch Bay (Figure 3). Modeled still water 426 
levels in Birch Bay reached +3.3 m NAVD88 (Figure 4A) with predicted waves approach- 427 
ing 1.8 m in height and 4.5 s in period (Figure 4B). Wind speeds reached ~20 m/s from the 428 
south to the west (Figure 4C). 429 

Observations used for the model validation are based on a surveyed wrack line sev- 430 
eral days after the storm. The wrack line is a feature where material was deposited after 431 
the storm. In this paper, the wrack line is interpreted as the maximum wave runup extent 432 
(or maximum total water level) and used for validation purposes. However, the accuracy 433 
of a wrack line based estimate of wave runup is most likely relatively low, especially when 434 
compared to instrument-based observations of runup. 435 
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Figure 3. Photos of damage taken during (left) and after (right) a flood event at Birch Bay, Washington in December 2018 storm. 437 
Pictures taken along Birch Bay Drive. See Figure 1 for specific location of both pictures. 438 

 439 
Figure 4. Modeled time series of still water level (panel A; [22]), wave height (blue) and period (red, panel B, [23]) and wind speed 440 
(red) and direction (red; panel C; both based on HRDPS). Information extracted in the middle of Birch Bay. See Figure 1 for the 441 
location. 442 
 443 

4.1.2. Computed wave height and total water level 444 
Figure 5 presents the alongshore-varying maximum modeled wave height (top 445 

panel) in ~1 m depth and the maximum total water level on land for the Birch Bay region 446 
during the storm of December, 2018 for XBeach-2D (reference) and SFINCS (comparison). 447 
Alongshore variations in wave heights are similar between the XBeach 2D and SFINCS 448 
models with an RMSE of 12.2 cm. The discrepancy between the two models is largely 449 
driven by a bias of -11.7 cm (SFINCS underestimates compared to XBeach-2D). The total 450 
water level RMSE is 13.4 cm with a bias of -2.5 cm (bottom panel). Uncertainty in 451 
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boundary conditions is included with a low and high estimate (-2 and + 2 standard devi- 452 
ations, 95% confidence interval; CI; see blue shading in Figure 5) and assumes normal 453 
uncorrelated unbiased errors. Uncertainty in boundary conditions of the SFINCS model 454 
are estimated to be 17 cm [23] and 12 cm [22] for wave heights and water levels, respec- 455 
tively. Thus, including the full range of boundary condition uncertainties shows that the 456 
error made by simplifications in the model application framework are minor relative to 457 
uncertainty in the forcing conditions for predictions of overland flooding. Cross-shore 458 
computed wave heights and maximum water levels area presented in Figure 6. Again, 459 
wave heights tend to be underestimated by SFINCS compared to XBeach-2D. Moreover, 460 
the relative coarse model resolution used in SFINCS is apparent by the mismatch of the 461 
moment of wave breaking. However, for the maximum TWL SFINCS and XBeach-2D 462 
show similar patterns. 463 

 464 
Figure 5. Alongshore-varying wave height (Hs; top panel) and maximum water level (zsmax; bottom panel) as computed by XBeach- 465 
2D and SFINCS. The shading represents the 95% confidence interval (-2 and +2 standard deviations) based on the uncertainty of the 466 
boundary conditions. For a cross-shore interpretation, see Figure 6 467 
 468 

 469 
Figure 6. Cross-shore varying wave height (Hs; top panel) and maximum water level (zsmax; bottom panel) as computed by XBeach- 470 
2D and SFINCS. The shading represents the 95% confidence interval (-2 and +2 standard deviations) based on the uncertainty of the 471 
boundary conditions. For an alongshore interpretation, see Figure 5. 472 
  473 
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4.1.3. Flood extent 474 
For the Dec 2018 storm, the flood extent for both XB-2D and SFINCS is compared. 475 

Visually, the computed water depth by XB-2D and SFINCS match well when compared 476 
to the wrack line (Figure 7). Analyzing 407,005 1x1 m pixels for these models, shows a hit 477 
score of 0.80, indicating that 80% of the area flooded by the computationally expensive 478 
XB-2D model is reproduced by the reduced-complexity SFINCS model. The error bias is 479 
0.46, indicating a tendency of underprediction by SFINCS. Only grid cells that are above 480 
2 m NAVD88 and have at least 10 cm of water have been considered in this analysis. The 481 
difference in computational expense is a factor of 50,000 lower with SFINCS versus XB- 482 
2D2 . Both simulations ran for 6 hours around the peak of the storm. 483 

 484 
Figure 7. Flood depth as computed by XB-2D (panel A) and SFINCS (panel B) compared to observed wrack line (red). © Microsoft 485 
Bing Maps. 486 

 487 
Models XB-2D and SFINCS are equally skillful in reproducing reconstructed high- 488 

water marks based on observed wrack lines (Figure 8). Model XB-2D reproduces the 489 
wave-driven runup length with a cross-shore RMSE of 29 m between run-up toe and 490 
wrack line while SFINCS has a RMSE of 30 m. In a relative sense, this results in a SCI of 491 
59 and 63% respectively. Both simulations have a substantial negative bias which indicates 492 
an underestimation of the flood extent compared to observations. It is unclear what the 493 
source of this underestimation is but it is suspected to be related to model bias in SWL 494 
due to underestimation of wind-driven setup. When comparing SFINCS with XB-2D, the 495 
wave-driven runup is well reproduced by the reduced-complexity model with a RMSD 496 
of 3.6 meter compared to the XB-2D computed runup. The error is largely driven by a bias 497 
of -2.2 m (SFINCS underestimates compared to XB-2D). This bias is likely due to the lack 498 
of short-wave energy in SFINCS. Compared to the uncertainty of the boundary condi- 499 
tions, this seems acceptably small. In particular, the average difference in wave-driven 500 

 
2   The two-dimensional XBeach-NH+ model (XB-2D) was run a Linux cluster with 12 cores and took 311 hours to 
finish. SFINCS was run on a local Windows machine with 16 cores and took 21 seconds to finish. Directly dividing both 
computational expenses yields to a speedup with SFINCS of 53,473 times. In this paper we reported 50,000 to account 
for the difference in number of cores. 
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runup as computed with SFINCS based on a low or high estimate of boundary conditions 501 
is ~50 m. In other words, the uncertainty by the model physics is an order of magnitude 502 
smaller compared to uncertainty in the forcing conditions. Qualitatively, the flood extent 503 
based on the high estimate matches reasonably well with the observed wrack line. 504 

 505 
Figure 8. Runup extent as observed (purple), computed with XB-2D (red) and SFINCS (blue). Colors depict the bed level in meter 506 
relative to NAVD88. Figure uses a cross-shore and alongshore distance coordinate system. 507 

4.2. Projected flood hazards and risks 508 
In this section, model results for the future climate for several sea level rise scenarios 509 

are presented for the entire Whatcom County area of interest. First, the variability of the 510 
total water level is discussed. Secondly, flood hazards are presented and discussed. Lastly, 511 
we will discuss flood impacts across Whatcom County. Flood hazard and risk results are 512 
all available from XXX. 513 
4.2.1. Total Water Level 514 

Figure 9 presents the distribution of modeled maximum TWL for all analyzed grid 515 
cells for all SFINCS domains for the current sea level. TWL includes still water level (tide 516 
and surge) and wave-driven processes. TWL increases with return period. For the no- 517 
storm conditions (fig. 9A), the interquartile range (IQ, red error bar) of TWL across What- 518 
com County is estimated to be +2.1-2.6 m NAVD88 (95% CI with a median of 2.4 519 
m+NAVD88). This is close to a general tidal event and the background wave conditions 520 
add thus limited extra elevation. The 1–100-year IQ TWL is 1.2-1.3 m higher, has more 521 
variability and reaches a median of 3.7 m+NAVD88. The quite large variability, for exam- 522 
ple, also shown by 95% confidence interval, is strongly influenced by the dynamics on 523 
land. In particular, TWL at the coastline tends to be the highest and slowly dissipates due 524 
to friction on land. This cross-shore pattern of TWL shows the need for a process-based 525 
overland flooding model that includes relevant physics as compared to a simpler bathtub 526 
approach. 527 
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 528 
Figure 9. Total water level (TWL) for the no storm condition (panel A) and as function of return period for the current sea level (panel 529 
B). Red error bar in A represents the 95% CI (Different values indicate spatial variability of the best-guess across Whatcom County, 530 
Washington. MHHW is estimated to be 2.4 m+NAVD88 based on the nearest station. 531 
 532 

The change in maximum TWL as a function of sea level rise for storms with return 533 
periods ranging from annual events to 100 yr recurrence intervals illustrates the non-lin- 534 
earity (Figure 10). Here, the change in total water level (∆TWL) subtracts sea level rise and 535 
therefore just shows the non-linearity. The value of ∆TWL increases with the increasing 536 
magnitude of SLR and for all SLR and storm return probabilities presented. This suggests 537 
that TWL is not a simple linear addition and that non-linearities between SLR, tide, waves, 538 
and wave runup are important to evaluate flood hazards across the study area accurately. 539 
For example, the TWL during the no-storm conditions increase for a SLR of 3 meters be- 540 
tween 3 and 5 cm (IQ; median 4 cm). This effect decreases for larger, less frequent storms. 541 
For example, the ∆TWL during the 1-100 year storm for SLR of 3 meter is estimated to be 542 
0 and 5 cm (IQ; median 3 cm). For most of the grid cells the change is relatively minor (less 543 
than 10 cm), but important in low-sloping areas. 544 



Water 2022, 14, x FOR PEER REVIEW 16 of 26 
 

 

 545 
Figure 10. Change in maximum total water level (∆TWL) as a function of sea level rise. Different panels represent different return 546 
periods: panel A shows the no storm conditions, panel B the annual recurrence, C the 10-year recurrenceand D) the 100-year reoc- 547 
curance. 548 

4.2.2. Flood hazards 549 
While flood hazards are calculated on a high spatial resolution (meter-scale) for the 550 

entire Whatcom County shoreline, for clarity, we present these for a limited region around 551 
Birch Bay only as an example of the output (Figure 11). Panel A presents the range of 552 
flooding for progressively larger storm events for the sea-level rise scenario of 50 cm with 553 
colors indicating a flooded grid cell and associated lowest return frequency. Panel B high- 554 
lights progressing effects of sea-level rise for a 50-yr storm. The color represents which sea 555 
level rise scenario a 1–50-year event (2% chance per year) results in flooding. Panel C 556 
shows the water depth for a return period of the 1-50-year event and the sea-level rise 557 
scenario of 50 cm. Panel D presents the duration of the same 50-yr flood event in hours 558 
with 50 cm of sea-level rise. 559 
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 560 
Figure 11. Example output from PS-CoSMoS model for Birch Bay, Washington. Panel A. Progressing storm extent for different storm 561 
frequencies for a sea level rise scenario of 50 cm. Panel B. Progressing storm extent for different sea level rise scenarios for a storm 562 
frequency of 50 years. Panel C. Water depth for a storm with a storm frequency of 50 years and 50 cm sea level rise. Panel C. Duration 563 
of the flooding for a storm with a storm frequency of 50 years and 50 cm sea level rise. © Microsoft Bing Maps. 564 
  565 

Figure 12 presents the flood extent in km2 as a function of sea level rise and storm 566 
frequency for grid cells above +2 m+NAVD88 within the coastal zone of Whatcom County 567 
(i.e., area of interest). Little to no inundation is projected with the no-storm condition and 568 
without sea level rise as expected with a median TWL of 2.4 m NAVD88 (see Section ‘Total 569 
Water Level’). However, there is considerable uncertainty due to the error in the offshore 570 
water levels, wave height and bathymetry. The area flooded under the 1–100-year storm 571 
scenario without sea level rise encompasses ~24.5 km2 which equates to 9% of the area of 572 
interest. With sea level rise, these numbers are expected to increase. For the no-storm con- 573 
dition, the amount of area in the hazard zone almost linearly increases. In other words, 574 
for every 10 cm of sea level rise, the amount of area in the hazard zone increases by ~1 575 
km2. The increase in hazard zone flooding for the storm conditions is less linear and is 576 
projected to taper off at higher sea levels. In particular, the increase in flooded area asso- 577 
ciated with the 1–100-year event with sea level rise of 3 to 5 meters is considerably less 578 
than the increase from 2 to 3-meter sea level rise. With 1-meter of sea-level rise the yearly 579 
flood extent is projected to increase from 14 to 33 km2 (5 and 13% of low-lying Whatcom 580 
county). These patterns are due to the unique topography in Whatcom County which is 581 
typically comprised of low-lying areas prone to coastal flooding that are backed by an 582 
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abrupt change in elevation and showcasing the importance of site-specific coastal mor- 583 
phology for future flood hazard exposure.   584 

 585 
Figure 12. Flood extent for Whatcom County as function of sea level (SLR) for different return period. Shading represents the 95% 586 
CI interval of the flood simulation (+/- 50 cm offshore water level). Uncertainty is based on errors in the offshore water level, wave 587 
height and digital elevation model (DEM). 588 
 589 

4.2.3. Flood impact 590 
Figure 13 presents the flood damages as computed per return period for coastal 591 

Whatcom County for 1.0 meter of sea level rise. Yearly flood damage for this sea level rise 592 
scenario is estimated to be between 29 – 108 million USD [M$] (1σ) for the current sea 593 
level. The large spread shows how sensitive the results are to the modeled flood depth 594 
since the low estimate of damage is using the low estimate for flood hazard and similarly 595 
for the high estimates. Median flood damage increases from $50 M to almost $200 M from 596 
yearly to the 100-year event. That is about 0.6 to 2.4% of the total value in area analyzed. 597 
Damages tend to increase by a power of 0.3. In other words, a double of the return period 598 
will result in an (less than linear) increase.  599 

By integrating the flood damages over the return period, it is possible to obtain a 600 
single estimate of the yearly flood risk. This is what is called Expected Annual Damages 601 
(EAD). EAD are estimated to increase from $14 M for the current sea level to $79 M, $206 602 
M and $320 M for sea level rise of 0.5, 1.0 and 1.5 m. That is a fifteenfold increase for flood 603 
risk from the current sea level to 1 m of sea level. 604 

  605 
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 606 
Figure 13. Flood damage as function of return period for 1-meter sea level rise. Colors depict different estimates (median, 68% CI, 607 
95% CI). Left axis shows the damage in million USD [M$] and right axis as damage relative to total value in percentages. 608 
 609 

With SLR, damage, risk, and number of affected people are expected to increase sub- 610 
stantially (Figure 14). EAD computed for different sea-level rise scenarios from Sweet et 611 
al. (2022) suggests that, depending on the specific scenario, flood risk in Whatcom County 612 
is expected to double sometime between 2040 and 2100 (using the median estimate) rela- 613 
tive to today (e.g., not accounting for future economic development). For the medium sce- 614 
nario (1.0 m in 2100), a tenfold increase of flood risk is computed between 2100 and 2130 615 
relative to current levels of exposure. The strong increase in flood risk is largely driven by 616 
the accelerating increase in projected mean sea level since there is almost a linear relation- 617 
ship between risk and sea level. 618 

 619 
Figure 14. Expected Annual Damage (EAD) as a function of time horizon (x-axis) and projection (colors). Shading represents uncer- 620 
tainty in the sea level rise projection (low and high estimates by [4] 621 
 622 
  623 
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5. Discussion 624 
The validation presented here shows that PS-CoSMoS can reproduce the historically- 625 

observed flooding at Birch Bay during the December 2018 storm with similar errors com- 626 
pared to the computationally expensive 2D XBeach implementation (Figures 5-8). This has 627 
been achieved by using, first, an efficient regional hydrodynamic model to compute still 628 
water levels associated with tides and storm surge [22] and a regional wave model [23]. 629 
Secondly, skill and efficiency is achieved with a computational framework that uses LUT 630 
information from XB-NH+ transects for incoming (long period) waves in combination 631 
with the reduced-complexity SFINCS model for the overland flooding component. This 632 
approach allows for the simulation of hundreds of storm events with limited computa- 633 
tional expense and therefore the possibility to determine compound flooding on a grid- 634 
cell-by-grid cell basis for frequent and infrequent events. Therefore, PS-CoSMoS allows 635 
for the assessment of moderate disturbance events (e.g., the 1-, 20-yr events), which can 636 
cumulatively outweigh the effects of only a 100-yr event in the coming decades.  637 

As part of the model validation, SFINCS-computed wave heights (Figures 5-6), flood- 638 
ing (Figure 7) and runup (Figure 8) were underestimated compared to the computation- 639 
ally-expensive two-dimensional non-hydrostatic XBeach-NH+ model. This is arguably 640 
due to the lack of short-period wave swash and, therefore an underestimation of wave 641 
runup. SFINCS is forced with incoming waves via a LUT approach applied to 1D Xbeach 642 
transects. However, since shallow water equation solvers (such as SFINCS) have an accu- 643 
rate dispersion relationship for kh<0.1, wave energy for periods shorter than 25 seconds 644 
were excluded from the incoming signal. Moreover, validation is performed for a limited 645 
geographic region within the larger model domain. Perhaps larger (or smaller) discrep- 646 
ancies would be noted if the validation was applied elsewhere. The reason for not includ- 647 
ing short-wave swash is the computational expense. Models such as XBeach-NH+ include 648 
the relevant physics. However, with the current computational resources, it is prohibi- 649 
tively expensive to apply this method for large stretches of coastline and for hundreds of 650 
storm events to account for compound flooding. The approach followed in this paper is 651 
~50,000 times as efficient compared to XBeach-NH+ and therefore chosen. The lack of suit- 652 
able field data makes it impossible to 1) rigorously validate numerical models in Puget 653 
Sound for wave transformation, runup, and flooding and 2 ) identify the dominant pro- 654 
cesses and sources of uncertainty.   655 

Other (computationally efficient) approaches exist to estimate the effect of short 656 
waves on modeled flood extent. For example, [46] uses 1D profiles of XBeach in combina- 657 
tion with LISFLOOD [47] where XBeach computes discharge time series of overtopping 658 
over the dune crest which is used as input for LISFLOOD that computes the 2D flooding. 659 
The authors also included sandy morphodynamic change during the storm as part of the 660 
assessment. The current configuration of PS-CoSMoS uses a static DEM for both, model- 661 
ing of events and for flood projections. Several approaches exist to estimate the long-term 662 
shoreline development for open sandy coasts (e.g., [48]). However, to the knowledge of 663 
the authors, no such approach exists for sheltered complex estuaries or mixed sediment 664 
glacially-derived beach settings characteristic like the Salish Sea. A comparison with the 665 
uncertainty of boundary conditions showed that the unreliability in the boundary forcing 666 
seems to be of larger importance than a simplification in physics (Figure 8). We argue that, 667 
for long-term planning, SLR projections, morphological change, and socio-economic un- 668 
certainty (e.g., exposure, water depth-damage curve, population growth) are more im- 669 
portant than incorporating all the relevant physical processes in the model framework 670 
[49]. Also, a comparison with the FEMA 100 year flood map for the current sea level shows 671 
a hit score of >80 % which gives additional confidence in the PS-CoSMoS approach fol- 672 
lowed here (Appendix A) to inform planning decisions for diverse disturbance thresholds 673 
and timing in the coming decades. 674 

In the current configuration, fluvial and pluvial processes are not considered at the 675 
same level of accuracy as coastal processes such as tide, surge, and waves. Due to lack of 676 
concordant downscaled future hydrologic projections, a simplified daily-averaged 677 
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discharge cycle has been used for this study. Pluvial processes (i.e., precipitation/rainfall) 678 
is completely excluded. Historical examples (e.g., flooding of the Nooksack and Skagit 679 
Rivers in November 2021) and previous work (e.g., [13]) have suggested the importance 680 
of pluvial and fluvial drivers to compound flooding. This is expected to increase in im- 681 
portance with projected increases in daily rainfall intensity associated with climate change 682 
in Washington State [8]. Further investigation is needed to assess the impacts of these 683 
drivers on flooding in the future climate as a result of changes in sea level and atmosphere. 684 
Improvements in the representation of fluvial, pluvial and groundwater processes are 685 
steps we envision for future CoSMoS iterations. 686 

Sea level rise (SLR) affects flood hazards in multiple ways. First, through a linear 687 
increase in the offshore mean water level. Second, through non-linear effects on tide, 688 
surge, and waves (Figure 10). However, [22] showed the tidal amplitude and surge prop- 689 
agation pattern would not be altered in Birch Bay due to sea-level rise, while slight 690 
changes in tidal phase shift were predicted. Wave heights tend to increase along the shore- 691 
line with SLR due to a reduction in the dissipation from bottom friction. Model scenarios 692 
showed a strong increase in flood hazards and risk as a function of sea level rise. These 693 
projections, however, are indicative of potential effects but do not include local mitigation 694 
and adaptation. Adaptation will be dominant to the question of how flood hazards and 695 
risks develop in the future; however, these changes are not considered in this paper. 696 

6. Conclusions 697 
The Puget Sound Coastal Storm Modeling System (PS-CoSMoS) is a tool designed to 698 

dynamically downscale future climate scenarios and provide compound flood projections 699 
across large spatial scales at high resolution at the shore. The current configuration of 700 
CoSMoS accounts for tide, surge, waves, winds associated with coastal processes that in- 701 
fluence extreme water levels. Efforts are underway to also integrate the influence of plu- 702 
vial, fluvial and groundwater processes to improve forecasts of overland flooding. This 703 
manuscript introduced the compound flooding component which is based on the cross- 704 
shore profile non-hydrostatic model XBeach and overland flooding model SFINCS. Via a 705 
novel wave transformation lookup table (LUT) of XBeach transect runs, it was possible to 706 
prescribe incoming wave energy along the SFINCS domains with limited computational 707 
expense. This method enables the computation of hundreds of storm events for dozens of 708 
sea-level rise scenarios over a spatial scale of hundreds of kilometers and with the resolu- 709 
tion required for planning purposes. The approach provides significantly more detailed 710 
flood exposure information and statistics for the combined effects of varying coastal storm 711 
recurrence and plausible sea level rise to 2100 accounting for uncertainty in boundary 712 
conditions and future projections.  713 

Model validation showed that the SFINCS-based workflow can reproduce the main 714 
patterns observed during a historical extreme flood event like in Birch Bay in 2018. Differ- 715 
ences were found to be principally the result of uncertainty and underestimation of the 716 
large-scale boundary conditions and only partly due to the reduced- modeling complexity 717 
of SFINCS. For the current sea level, flood hazards and risks are limited in Whatcom 718 
County. Flood exposure is expected to increase substantially with sea-level rise as total 719 
water level increases in a non-linear manner. The yearly flood extent is projected to in- 720 
crease by 5 to 13% from the current to a future 1-meter sea-level rise. Flood risk is projected 721 
to increase fifteenfold for the same sea-level rise scenario.  722 

This paper introduces the model framework for overland compound flooding, in- 723 
cluding the application for Whatcom County. Results of flood projections for Whatcom 724 
County are all available via URL. However, we plan to apply this framework for other 725 
areas across Puget Sound. The goal is the delivery of consistent, robust and authoritative 726 
SLR and storm impacts projections at the local planning scale for the Salish Sea shorelines 727 
in the United States for the full range of plausible 21st-century SLR and storm scenarios. 728 
 729 
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Appendix A 750 
The 1-meter flood model mapped the 100-year flood extent across Whatcom County, 751 

Washington. Comparison with the Special Flood Hazard Area (SFHA) specified by FEMA 752 
of 48,264,795 1x1 m pixels in the coastal zone, show a hit score of >80%. The C score drops 753 
to 74% relative to H because of model underprediction with respect to the FEMA data. In 754 
particular, the flood zones as computed by PS-CoSMoS have a less profound flood extent 755 
at several rivers (e.g., Nooksack River) and at the low-lying area of Birch Bay (e.g., around 756 
Beachcomber Dr.). However, there are also areas where SFINCS computes flooding with 757 
a return period 1-100 years where FEMA does not. Figure 14 presents two locations in 758 
Whatcom County with the largest differences between SFINCS and FEMA.  759 
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Figure 15. Difference in flooding computed by FEMA and PS-CoSMoS. Panel A. Birch Bay. Panel B. Nooksack Delta. © Microsoft 762 
Bing Maps. 763 
  764 
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