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Abstract: 

Using high-resolution, ensemble-based modeling of the CMIP6 High Resolution Model Intercomparison 20 

Project, this study evaluates potential changes to extreme coastal water levels and waves across the Salish 

Sea, the largest estuary on the North American west coast. Results of a well-validated (water level error 

~10 cm) regional hydrodynamic and wave model indicate that extreme water levels (e.g., 30-year return 

period) are projected to increase across the region, while lower-magnitude events (e.g., annual) are 

projected to slightly decrease. Wave height projections are spatially heterogeneous but generally decrease 25 

in southern basins and increase in the far north basins. Seasonal decomposition reveals a modest decrease 

in winter water levels and an increase in summer water levels. Non-linear interactions between sea level 

rise (SLR) and hydrodynamic response were assessed across seven SLR scenarios (0–3 m), revealing 

localized amplification effects up to 10 cm, though these remain minor relative to the SLR signal. Overall, 

uncertainty across the CMIP6 ensemble is high in this region, rendering most modeled changes 30 
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statistically non-significant and emphasizing the need for studies to consider an ensemble when looking 

at climate projections. The dominance of tidal forcing in extreme water levels, coupled with high inter-

model variability, indicates that near-term climate-induced changes to oceanic drivers are unlikely to 

significantly alter coastal hazards in the Salish Sea by 2050. These findings support the use of present-

day conditions as a proxy for near-future planning and emphasize SLR as the primary contributor to 35 

changing future coastal risk in the Salish Sea.  

 

Keywords: Extreme Sea levels, Coastal Flooding, Regional Hindcast, Wave Setup, Water Levels, 
Extreme Events,  

1. Introduction 40 

Communities are increasingly dealing with the challenge of planning for coastal hazards as sea level rise 

(SLR) and changing climate establish a new coastal baseline. Changes in dynamics and hazards are 

already being observed globally (IPCC, 2021), and the world’s coastlines will experience significant 

changes in the coming decades and centuries (McMichael et al., 2020). In response, communities 

increasingly seek to incorporate climate-related changes into planning and management. However, these 45 

efforts are often constrained by limited data, analytical capacity, or access to scientific expertise. Because 

adaptation decisions can involve substantial investments of time and resources, there is a growing need 

for robust, decision-relevant scientific information that can support communities as they evaluate their 

options. 

To support more comprehensive planning, we evaluate the effect of climate change on regional water 50 

levels and waves in the Salish Sea. The Salish Sea, spanning the border of Washington, United States of 

America, and British Columbia, Canada, is one of the largest inland seas in the world and is densely 

populated with a coastal population of around 8.7 million. The region is projected to continue to grow by 

an additional 5 million by 2040, with much of this growth expected in low elevation regions (Sobocinski, 

2021). This high level of urbanization is paired with a relatively dynamic climate. While most of the 55 

Salish Sea is at least partially shielded from Pacific Ocean storms, extratropical cyclones bring extreme 
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winds comparable in strength to hurricanes and intense rain to the region. The region also features 

mesotidal tides and large river systems, both of which commonly drive flooding. 

 

Coastal hazards in the Salish Sea have been recognized for decades. As an example, over 1/3 of the Salish 60 

Sea’s coastline has been armored (Shipman et al., 2010), and this percentage can even reach over 80% 

for more urbanized areas (King County, 2019). Most of the coastal ecosystem has been modified 

(Simenstad et al., 2011), and an extensive system of dikes, levees, and other flood control infrastructure 

crisscross the coastal lowlands. That said, formal information on coastal hazards and storm surge in the 

Salish Sea has been slow to develop. Few studies have systematically explored drivers of coastal flooding 65 

across the region, and even fewer studies have examined how these drivers may change in the future. 

Recent work has used numerical modeling to explore the development of surge during extreme events, 

with all highlighting the importance of remote water level anomalies and the variability in response of 

coastal waters across the Salish Sea (Abeysirigunawardena et al., 2011; Grossman et al., 2023; Soontiens 

et al., 2016; Yang et al., 2020). The progression of science summarized in University of Washington’s 70 

Climate Impacts Group (CIG) (2005) to CIG (2015) regarding the state of climate change knowledge in 

the Puget Sound shows a growing consensus of climate change impacts in the region but indicates that 

many gaps remain. In terms of coastal hazard drivers, some consensus has been reached regarding how 

streamflow and SLR will impact the region. Less is understood about oceanic forcing, such as the extent 

that storm surge and/or waves will be affected by climate change. Hamman (2012) explored the effects 75 

of climate on the Skagit and Nisqually River Basins and found minimal change in future storm forcing as 

predicted by a downscaled CMIP3 model.  

 

This study builds upon the foundation of Hamman (2012) by better characterizing storms and waves 

across the Salish Sea. This is accomplished first by integrating new high-resolution CMIP6 climate 80 

forecast ensembles. The latest CMIP6 ensemble provides increased spatial and temporal resolution and 

more accurate simulations of the physics (e.g., improved air-sea flux formulations and better 

representation of convection and precipitation), allowing for a better representation of extremes, improved 

regional scale information, and ideally decreased inter-modal variability (Eyring et al., 2019; Chen et al., 
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2020). In terms of horizontal resolution, this study benefits from General Circulation Models (GCMs) 85 

moving from ~ 200 km (CMIP5) to under 50 km (CMIP6 High Resolution). Leveraging an ensemble of 

these new, state-of-the-science datasets enables more robust analysis of projected changes in regional 

water levels and waves for the near future climate trajectory. These data are then used to force regional 

models, providing information across the entire Salish Sea. Often coastal data are fragmented, containing 

gaps and providing an incomplete or inhomogeneous record that is unusable for large-scale planning or 90 

strategic resource allocation. This study addresses this problem by providing a scientifically robust 

analysis that is usable across the U.S. portion of the Salish Sea region. Finally, this study delineates the 

relative contribution of processes and their relevance for future work. For example, information on the 

magnitude and significance of climate change impacts to forcing (e.g., waves and water levels) provides 

guidance about relevance for future studies. Such information, particularly when it supports assumptions, 95 

validates simplifications, or quantifies future uncertainties, can be used for coastal hazard and process 

studies, and allows resources and methodologies to be optimally allocated.  

2. Study Sites and Data 

2.1 Study Region  

This study is focused on the U.S. waters of the Salish Sea, a large inland sea opening onto the northeast 100 

Pacific Ocean and located at the border between the United States and Canada (Figure 1). The Salish Sea 

is a complex fjordic estuarine system composed of many branches, islands, channels, and large, deep 

basins. Tides in the Salish Sea are mixed-semidiurnal or mixed-diurnal with considerable variability in 

amplitude and phase across the region. For example, mean tide range increases from 1.7 m at Neah Bay 

to 3.2 m at Olympia (Mofjeld & Larsen, 1984). The large tidal prism of the Salish Sea can produce strong 105 

tidal currents (in excess of 1 m/s) in channels and inlets and weaker currents in basins (Stevens et al., 

2012). Many rivers enter the sea, providing significant freshwater input and help create a strong gradient 

in salinity, temperature, and density (MacCready and Geyer, 2024). 
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Storm events in the Salish Sea are primarily driven by extratropical cyclones originating in the eastern 110 

Pacific Ocean. Vancouver Island and the Olympic Peninsula provide some shielding for the inner sea, but 

significant surge is still induced by the combination of strong winds (Abeysirigunawardena et al., 2009) 

and low pressures (Thomson et al., 2009). Maximum surge levels are generally in the range of 0.8 to 1.0 

m (Yang et al., 2019). In addition to locally generated surge, multiple studies have highlighted the 

importance of remote sea surface anomalies as leading drivers of water levels in the Salish Sea (Soontiens 115 

et al., 2016; Yang et al., 2019; Grossman et al., 2023).  

 

The wave climate in the Salish Sea is complex, representing the combined influence of swell and locally 

generated seas. The Strait of Juan de Fuca connects to the open ocean, allowing swell penetration from 

the relatively intense wave climate of the northeast Pacific Ocean. Winter mean wave height for the 120 

northeast Pacific is 3.8 m, with winter storms often producing wave heights greater than 10 m (Ruggiero 

et al., 2010). These winter swells are primarily from the west – northwest (Stevens et al., 2024), allowing 

direct propagation into the strait. Past the strait of Juan de Fuca, the Salish Sea wave climate is confined 

to local seas, but with wave characteristics strongly dependent on location due to rapidly varying fetch 

and wind characteristics derived from complex topography.  125 
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Figure 1: Study Site: Salish Sea, Washington, USA. Analysis stations (both water levels and waves) are plotted as pink points and 

concentrated on the U.S. portion of the region. The hydrodynamic model grid extent is shaded blue in the inset figure, and tide 
gauges are marked as red triangles (see table A1 for tide gauge information). Basemap credit: Earthstar Geographics, Esri | 

Powered by Esri. 130 
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2.2 Input Data  

This study utilizes a variety of input datasets to both build and validate models of the system as well as 

force the models under different climate scenarios. All datasets used for building and validating models 

are discussed in the Methods section (section 3) under the specific model subsection (for example, 3.1 

Wave Model). Two types of input climate data were utilized for forcing: reanalysis data (refer to section 135 

2.2.1 ERA5) and climate model data (both historical and future periods, refer to section 2.2.2 CMIP6). 

SLR also represents a key driver of coastal hazards and is discussed in section 2.2.3. 

2.2.1 ERA5 (Reanalysis Data) 

ERA5 (fifth generation ECMWF atmospheric reanalysis of the global climate; Hersbach et al., 2023) 

reanalysis wind, atmospheric pressure, and wave forcing fields were used to simulate the hindcast period. 140 

ERA5 is a global product but features relatively high temporal (hourly) and spatial (31-km grid) 

resolution. Validations of ERA5 have shown strong model skill, with significant gains over previous 

global scale products due to increased data assimilation and improved model physics and resolution 

(Haiden et al., 2019; Rivas and Stoffelen, 2019). An additional strength of the ERA5 reanalysis is a long 

record length (1940 to near present) due to the recent ERA5 extension (Soci et al., 2024). Long record 145 

lengths are important for characterizing extremes, especially in mesotidal environments. An analysis by 

Abeysirigunawardena et al. (2011) using a 57-year hourly timeseries found that only 5% of the highest 

surge events in the Salish Sea’s Canadian waters occurred during high tides. Therefore, a robust 

characterization of extreme risk in the region necessitates the longest record lengths possible to fully 

explore the unlikely co-occurrence of a high tide and high surge events. 150 

 

This study utilized data for the period 1940–2023 for reanalysis simulations of water levels and waves. 

ERA5 surface wind and pressure fields were extracted for the entire study region, as well as ERA5 bulk 

wave parameters (Komen et al., 1994) at the entrance to the Strait of Juan de Fuca. ERA5 wave data were 

used as a swell component entering the Strait and were chosen for consistency with the atmospheric 155 

forcing. Additionally, the ERA5 wave reanalysis has been shown to perform well against other global 

scale wave products (Timmermans et al., 2020). 

https://doi.org/10.5194/egusphere-2026-3369
Preprint. Discussion started: 22 July 2026
Public domain. CC0 1.0.



8 
 

2.2.2 CMIP6 (Climate Model Data) 

CMIP6 (Eyring et al., 2016) represents the most recent iteration of the Climate Model Intercomparison 

Project (CMIP). CMIP6 involved a significant restructuring in comparison to previous CMIP versions, 160 

allowing for more flexibility in experiments (Model Intercomparison Projects or MIPs) while also 

providing long-term continuity. This study utilizes a subset of the overall CMIP6 project, the High-

Resolution Model Intercomparison Project (HighResMIP) (Haarsma et al., 2016) which focuses on high 

resolution (25-50 km atmosphere resolution and 10-25 km ocean resolution) GCM simulations. The 

HighResMIP simulations span the period 1950–2050 and thus have a shorter record length than the 165 

standard CMIP6 model implementations (typically 1850 – 2100). This shorter record length represents a 

compromise due to the higher computational cost of increased resolution. HighResMIP was chosen due 

to the importance of high resolution forcing for ocean and atmospheric modeling. Multiple studies have 

shown the importance of high-resolution wind fields in wave modeling (Cavaleri and Bertotti, 2006; 

Crosby et al., 2023); therefore, utilization of the highest possible resolution GCM was prioritized. 170 

Furthermore, increased resolution is necessary for reproducing storm structure, such as in tropical 

cyclones and extra-tropical storms (Gao et al., 2019; Roberts et al., 2019). 

  

Even with recent improvements to physics and resolution, GCMs are unable (nor intended) to reproduce 

observed weather events or their exact time series. Reasons for this range from the chaotic nature of 175 

weather to modeling limitations (e.g., resolution, unresolved physics). GCMs instead represent the 

statistical characteristics of climate, with outputs considered plausible stochastic iterations. An ensemble 

is commonly used for analysis to reduce uncertainty in GCM predictions and provide robustness through 

averaging across multiple members. This study follows this best practice methodology and utilizes an 

ensemble of 7 GCM outputs. As for the initiation of this study, the HighResMIP project was still in 180 

progress, and data were only available for a subset of the overall ensemble. The 7 models chosen were 

based on availability as well as alignment with the GTSMip project (Muis et al., 2023) (refer to Table 1). 
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Table 1: Specific HighResMIP ensemble iterations used in this study. 185 

        Model Resolution 

GCM  Variant 
Historical 

Span 
Future 
Span 

Atm.  Ocean  Output  

(Years) (Years) (km) (km) (Hour) 
HadGEM3-GC31-HM-

highres-future r1i1p1f1 1951-2015 2016-2051 50 25 3 

HadGEM_GC31_HH_highres
-future r1i1p1f1_gn 1950-2015 2015-2051 50 10 3 

HadGEM3-GC31-
HM_highresSST-future r1i1p1f1_gn  1950-2015 2015-2051 50 25 3 

EC-Earth3P-HR   r1i1p1f1_gr 1950-2015 2015-2051 50 25 3 

CMCC-CM2-VHR4 r1i1p1f1_gn 1950-2015 2015-2051 25 25 6 

CNRM-CM6-1-HR r1i1p1f2_gr 1950-2015 2015-2050 100 25 3 

GFDL-CM4C192-highresSST   r1i1p1f1_gr3 1951-2015 2016-2051 50 25 3 

 

 

All models were run for both a historical and future CMIP6 period. This paired framework allows for a 

measurement of change that is independent of the individual biases in each CMIP6 climate model. 

Historical period results are modeled with observed carbon emissions and climate forcing. Future 190 

projections, used for this study, are based on the Shared Socioeconomic Pathway 5-8.5 (SSP5-8.5, similar 

to the RCP8.5 scenario). SSP5-8.5 represents a “business as usual” scenario in which substantial 

reductions in carbon emissions do not occur until after 2050, the end-period in this study. That said, a 

significant deviation in ocean-related processes due to different SSP trajectories is not likely to occur until 

post 2050, after which different SSP trajectories diverge and increase in rate of change. While SSP 195 

trajectories remain similar up to 2050, major differences in ocean-related processes are evident compared 

to simple linear extrapolations from observations. This means that modeled hazards, up to 2050, would 
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likely be similar even under a lower emissions pathway, although still different from a stationary or 

extrapolation-based analysis. 

 200 

All references to CMIP6 or the CMIP6 ensemble in this paper are in reference to the HighResMIP project 

and its data for the Salish Sea region. 

2.2.3 Sea Level Rise (SLR) 

The overall modeling framework (both the wave and hydrodynamic models) were run for the following 

set of SLR scenarios of 0, 0.25, 0.50, 1.0, 1.5, 2.0, and 3.0 meters, consistent with the U.S. Geological 205 

Survey (USGS) Coastal Storm Modeling System project (CoSMoS; Barnard et al., 2014, Barnard et al., 

2024) and more recent federal SLR guidance (Sweet et al., 2022). SLR is treated in a “stationary” manner 

and is included as a bulk increase to mean sea level in the Pacific Ocean that does not vary temporally or 

spatially within the Salish Sea. This approach allows users to choose a SLR scenario that matches their 

level of flood risk tolerance and then relate the outputs to planning time horizons based on the best 210 

available SLR projections for their region. Relative SLR trajectories are spatially variable and updated 

periodically with improving science. Additionally, SLR projections include considerable uncertainty due 

to both modeling limitations and uncertainty in future greenhouse gas emissions. By taking a time-

independent approach of sampling across plausible SLR positions, the output products are not tied to a 

specific SLR trajectory through time and can continue to be used as local projections are refined and 215 

updated. Work by Miller et al. (2018) details current regional projections for SLR across coastal 

Washington. Example relative SLR projections for 2100 in the Salish Sea region range from 2.5 m 

(Tacoma, where land subsidence occurs, High Greenhouse Gas Scenario, Median estimate) to 0.5 m 

(Neah Bay, where land is uplifting, Low Greenhouse Gas Scenario, Median estimate).  

 220 

An additional outcome of this approach is that modeled changes (as controlled both by SLR and changing 

climatic conditions) are considered as the difference between two stationary periods. This simplifies 

comparison and allows a larger sample in computing the difference. Specifically, water levels and wave 

energy have significant long-term patterns, so a long record is necessary to robustly compute change 
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outside of natural variability. For example, an anomalously energetic storm season, such as a single winter 225 

characterized by multiple extreme wave events, may produce elevated wave energy over several months, 

yet this signal does not necessarily indicate a persistent trend in wave heights. To robustly sample change, 

we characterize change as the difference between two stationary climatologies, each spanning 30 years, 

consistent with World Meteorological Organization (WMO) climatological normals (World 

Meteorological Organization, 2017). This approach reduces the influence of short-term variability and 230 

episodic extremes while more effectively capturing underlying decadal-scale climate variability. 

3. Methods 

3.1 Wave Model 

Waves are important contributors to coastal water levels, with wave setup and swash contributing 

significantly to coastal hazards (Barnard et al., 2014; Idier et al., 2019; Erikson et al., 2018). The Salish 235 

Sea presents a unique challenge for wave modeling, with complex shorelines, bathymetry, and localized 

wind effects. 

 

 This study builds on a computationally efficient approach to rapidly model regional wave characteristics 

combining outputs from a comprehensive set of look-up tables created with the Simulating WAves 240 

Nearshore (SWAN; Booij et al., 1999) model and linear swell propagation for all potential conditions 

(Crosby et al., 2023). The model was run with stationary conditions and time-varying water levels 

produced by the hydrodynamic model (refer to section 3.2). The utilized hybrid modeling approach 

(statistical/dynamic modeling framework) was chosen because it facilitates rapid simulation of long 

periods across large spatial scales while achieving skill comparable to standard SWAN implementations 245 

(Crosby et al., 2023). 

 

Differences from Crosby et al. (2023) include 1) switching meteorological forcing from the High-

Resolution Deterministic Prediction System (HRDPS) produced by Environment and Climate Change 

Canada (Environment and Climate Change Canada, 2024). 250 
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to ERA5 and 2) application of the modeling approach to CMIP6 forcing. The switch to ERA5 was made 

for two reasons. First, the switch allowed us to leverage the much larger record length of the ERA5 time 

series. A long record length is critical for capturing extremes and for characterizing a climatology that is 

free of shorter period variability. Second, this study primarily focuses on climate-driven changes to waves 

and water levels as predicted by CMIP6. Wave model fidelity is strongly controlled by wind resolution 255 

(Yang et al., 2019), and the model resolution of the CMIP6 ensemble is closer to ERA5 than to HRDPS. 

Using a much higher resolution meteorological source for validation could present a false sense of model 

skill that is not shared by the CMIP6 forced versions of the model. This study is primarily concerned with 

modeling future changes to forcing and it is assumed, as is often the case in the climate modeling context, 

that the measured change from the historical to future period is still valid even if the model itself is biased. 260 

 

In general, lower resolution wind products exhibit bias in magnitude as compared to higher resolution 

products, especially for extremes (Solbrekke et al., 2021). A similar trend was found for the Salish Sea 

when comparing ERA5 winds to observed data, although a comprehensive analysis was limited by sparse 

wind data across the region. To compensate for biases and limited observational data, ERA5 winds were 265 

bias corrected using the higher resolution HRDPS dataset as a target. At each wave output station, winds 

were extracted from both nearest ERA5 and HRDPS grid points. The full ERA5 timeseries was then bias 

corrected using quantile mapping (as detailed in Parker and Hill, 2017) to match the cumulative 

distribution function (CDF) of the HRDPS data. For the case of the future CMIP6 dataset, Equidistant 

Quantile Matching was used to preserve the change signal between the CMIP6 historic and future periods 270 

(refer to Parker and Hill, 2017 for details).  

3.2 Hydrodynamic Model 

Hydrodynamic modeling was performed at the regional scale (full Salish Sea) using Delft3D Flexible 

Mesh (Delft3D FM, Kernkamp, 2011, Figure 1). The utilized model is fully described and validated in 

Grossman et al. (2023) and is briefly summarized here. Delft3D FM uses an unstructured mesh to solve 275 

the shallow water equations, in this implementation using the 2D depth-averaged mode. The model 

domain covers the full Salish Sea (Figure 1), with the offshore model boundary located approximately 
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180 km offshore of the entrance to the Strait of Juan de Fuca. Model resolution varies from ~1 km for the 

offshore extent to ~150 m for nearshore coastal areas. Output stations are concentrated along the U.S. 

coastline in the nearshore. Overall, the model was found to demonstrate high skill in reproducing still 280 

water levels (SWL), with a mean root mean square error (RMSE) of approximately 10 cm across six 

National Oceanic and Atmospheric Administration (NOAA) tide stations and seven USGS water level 

gauges during the validation period from 2017 to 2019 (Grossman et al., 2023). 

 

The offshore boundary of the model was forced with tidal constituents and sea level anomalies (e.g., El 285 

Niño, coastal upwelling) Tidal forcing was provided by the FES2014 model (Lyard, 2021). Here, sea 

level anomalies were modeled using the same framework as detailed in Grossman et al. (2023) but with 

regression coefficients calibrated for ERA5 forcing. As an additional change to the model implementation 

described in Grossman et al., (2023), the model was forced with wind and pressure fields derived from 

the CMIP6 model ensemble and the ERA5 reanalysis. These products are detailed in sections 2.2.1 290 

(ERA5) and 2.2.2 (CMIP6), while the specific simulation periods are detailed in 3.3 (Simulation Periods).  

3.3 Simulation Periods and Analysis  

The wave and hydrodynamic models detailed above were run for 3 periods: Reanalysis, CMIP6 historic, 

and CMIP6 future. Despite being computationally intensive, this structure was chosen to provide 

information both for model validation (Reanalysis period) and measured change (CMIP6 historic and 295 

future). Details of the models and their simulation periods are listed in Table 2. Of note, the conversion 

of calendar year data to water year resulted in a slightly smaller run span than the full available data (e.g.,  

1940 was not run because the 1940 water year would require data from 1939). In addition to the ensemble 

of runs listed in Table 2, the CMIP6 future simulations were run at a set of SLR scenarios (refer to section 

2.2.3 Sea Level Rise). 300 

 

Table 2: Simulation Periods 
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Name Model Ensemble Members 
Span SLR Scenarios 

(Years) (cm) 

Reanalysis ERA5 1 1941-2023 0 

Historical CMIP6 Historical 7 ~1950-2015 0 

Future CMIP6 Future 7 ~2015-2051 
0, 25, 50, 100, 150, 

200, 300 

 

 

 305 

The above detailed modeling framework produced a large amount of data (>30 TB) with a high level of 

dimensionality (e.g., multiple SLR scenarios, output stations, climate models, decades). Of this large 

dataset, this study focuses on changes in the future and extremes. Extremes are considered using empirical 

return intervals based on the Weibull plotting position (P = m / (n+1) where m is rank and n is sample 

size). This approach avoids convolving physical modeling results with extreme value distribution fitting, 310 

acknowledging that extremes can be sensitive to the specific implementation of an extreme value model. 

The Weibull plotting position is unbiased for ranked data and is standard practice for hydrologic extremes 

(Makkonen, 2006). The choice of using empirical return intervals constrains the maximum return period 

event by the length of the climatological period (~30 years for this study). Differences in extremes are 

determined by calculating the corresponding return period value, using the empirical definition, for the 315 

future and historical periods. The change is then calculated by subtracting the historical values from the 

future values. 

 

Additionally, results are split by basin for some of the analysis to reduce the dimensionality of the data 

and assist in interpretation. The distribution of the basins is detailed in Figure 2 and approximately follows 320 

the delineation proposed in Walker et al., (2022). 
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Figure 2: General Schematization of basins of the Salish Sea. Basins are used for spatial aggregation of results. Basemap credit: 
Esri, TomTom, Garmin, FAO, NOAA, USGS, © OpenStreetMap contributors, and the GIS User Community | powered by Esri. 
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4. Model-Observation Comparisons 325 

A full exploration of wave model performance is provided in Crosby et al. (2023), and a full exploration 

of hydrodynamic model performance is provided in Grossman et al. (2023). Atmospheric forcing was 

updated for this study, so a brief explanation of how model performance has changed is detailed here. 

Additional information is available in Appendix A: Model Validation. 

 330 

The NOAA tide gauge database (Center for Operational Oceanographic Products and Services, 2022) was 

used to validate the utilized water level modeling framework. The Salish Sea is sampled by 7 tide gauges, 

many with long-term data records. The full available 6-min observed water-level intervals were used (Fig. 

1) from NOAA gauges 9443090, 9444090, 9444900, 9447230, 9446484, 9449880, 9449424. The overall 

RMSE of 14 cm is comparable to other regional scale modeling efforts in similar systems. For example, 335 

Olabarrieta et al. (2011) showed an RMSE of ~16 cm using a physically complex 3-D coupled 

hydrodynamic/wave model.  RMSE of modeled water levels were found to increase by an average of 3 

cm across all gauges for the model implementation described here using ERA5 forcing as compared to 

the model forced with higher resolution data (as in Grossman et al., (2023)). This small decrease in 

performance was deemed acceptable for the added gain of a significantly longer record length. 340 

 

For waves, a comparison of significant wave heights across all wave buoys (National Data Buoy Center, 

2022) and observational deployments (Grossman et al., 2024, Nowacki et al., 2023, Crosby and 

Grossman, 2019) locations showed an average RMSE of 20 cm. This RMSE is consistent with the 

performance reported for the model forced with higher-resolution winds in Crosby et al. (2023), which 345 

showed an average RMSE of 21 cm. Wave periods were not explored in this paper but showed an increase 

in RMSE from 1.12 seconds to 1.29 seconds by using the coarser resolution ERA5 winds. This relatively 

consistent model performance across model implementations does not contradict the well-established fact 

that wind resolution is important for waves but rather implies that the utilized bias correction of winds is 

compensating well for the resolution deficiency.  350 
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5. Results 

5.1 Climate-induced changes to extreme water levels and waves 

Model results for specific locations and SLR scenarios provide an initial visualization of changes in water 

levels, waves, and ensemble variability before evaluating more complex spatial results and relative 

contributions of forcings. Figure 3 plots return interval curves, for water levels and significant wave height 355 

at Seattle and Friday Harbor, two locations that represent dynamically different regions of the Salish Sea. 

Seattle is within the central Puget Sound Basin, with larger tides and smaller fetch limited waves, while 

Friday Harbor is located within the San Juan Islands Basin and is more exposed to storms and swell down 

the Strait of Juan de Fuca. The CMIP6 models and ensemble average represent the future period and are 

plotted for the 0 cm SLR scenario to highlight changes into the future only from changes to forcing. The 360 

difference between the return intervals for the reanalysis period (black) and CMIP6 future period (blue) 

represents the predicted change in extremes at the corresponding return period (x-axis). Also plotted are 

the return interval curves for each individual CMIP6 model (dotted colored lines) to show spread across 

the CMIP6 models. To further quantify uncertainty, the 95% confidence interval was calculated using a 

one-sample confidence interval for the mean with the sample being the CMIP6 model values at each 365 

return period.  This 95% confidence interval is plotted as a grey region and quantifies the spread of the 

ensemble but does not capture increasing statistical uncertainty when moving to more extreme events.  
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Figure 3: Return interval curves for water levels (meters NAVD88: subplot A, C) and waves (meters significant wave height: 370 

subplot B, D) at two locations, Seattle (NOAA Gauge 9447130: subplot A, B) and Friday Harbor (NOAA Gauge 9449880: subplot 
C, D) for the current sea level state. Return interval curves are plotted for the ERA5 Reanalysis (black) and CMIP6 future 

(average across ensemble: dark blue) period. Individual CMIP6 models are plotted as colored dotted lines, and the 95% 
confidence interval (based on CMIP6 samples) is plotted as a grey patch.   

 375 

The first notable result in Figure 3 is that the modeled climate-driven change varies across return periods. 

This is evident in the differing offsets between reanalysis water levels (bold black) and future projections 

(blue lines) as return periods increase. For water levels, measured change is negative (a predicted 

decrease) for low return period events (e.g., annual) but positive (a predicted increase) for higher return 

periods (e.g., the 30-year event). For wave heights, the Seattle location shows a general decrease across 380 
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extremes while minimal change is predicted for the Friday Harbor location. This variability in extreme 

value space complicates integrated hazard assessments because different quantiles exhibit changes in 

opposite directions.  

 

 A key caveat to this conclusion, and a second major result from Figure 3, is that modeled changes are 385 

small compared to uncertainty. Predicted change does not exceed the 95% uncertainty limits for any 

presented stations or variables. Although measurable changes are present and reach up to a 20 cm increase 

in water levels at Friday Harbor for the 30-yr return period, the spread among CMIP6 models is 

sufficiently large that these changes are not statistically distinguishable from zero. This indicates that 

inter-model disagreement currently exceeds any detectable climate-forced signal for the 2050 horizon. 390 

The largest projected changes occur at higher return periods, but these are also the points of greatest 

uncertainty, both in the model ensemble and in empirical estimates, because the 30-year event is 

represented by only a single sample in the observational record. 

 

5.2 Changes as a function of space 395 

Figure 3 illustrates results at only two locations, raising the question of whether these results are more 

generally applicable across the Salish Sea. Figure 4 addresses this by mapping modeled changes to the 

annual and 30-year return period (RP) water level and significant wave height as averaged across the 

CMIP6 ensemble. Results are examined for the present SLR position (refer to section 5.5 for an analysis 

of SLR effects). Overall results show that a general decrease is predicted for annual water levels across 400 

the Salish Sea. Conversely, 30-year RP water levels are expected to increase broadly, meaning that 

regional trends follow the results shown in Figure 3.  Waves are predicted to have more spatial variability, 

with some locations showing increases and other decreases. In general, the southern basins (south Puget 

Sound, central Puget Sound, and Hood Canal Basins) show a general decrease in waves that transition to 

a less spatially consistent change (more local variability) in the northern basins. Local variability is likely 405 

due to changes in wind direction and local coastline alignment affecting fetch and local impacts. Changes 

in water level are generally greater, reaching up to around 20 cm, while wave changes are smaller (less 
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than 10 cm). However, because waves in the Puget Sound are generally less than 2 m in the Strait of Juan 

de Fuca basins and less than 1 m elsewhere, the percentage change in wave height is comparable in scale 

to that of water levels. 410 
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Figure 4: Changes to the annual (subplot A, B) and 30-year (subplot C, D) return interval water levels (subplot A, C) and 

significant wave heights (subplot B, D). Plotted changes are the mean of the CMIP6 ensemble with color bars representing the 
whole row (e.g., both subplot A and B). Statistically significant (p-value < 0.05) changes are marked with a black outline. Land is 

plotted as a grey region (shapefile by ESRI | Powered by Esri). 415 

https://doi.org/10.5194/egusphere-2026-3369
Preprint. Discussion started: 22 July 2026
Public domain. CC0 1.0.



22 
 

 

As shown in Figure 3, a strength of the utilized methodology is that the ensemble provides information 

on the significance of the measured change. For Figure 4, a one-sample t-test is used to test if the measured 

change is significant at the 95% confidence level (mean difference is different than zero) and plotted by 

highlighting statistically significant stations with a dark outline (all stations with a p-value < 0.05). 420 

Overall, this plot confirms earlier results that much of the Salish Sea does not show statistically significant 

changes to waves or water levels; 30-year water levels are the exception within some basins: Hood Canal, 

Admiralty Inlet, San Juan Islands, Padilla and Bellingham Bays, and some of central Puget Sound. 

Changes to waves are generally not found significant, except for scattered segments for the annual return 

period mostly concentrated towards the southern basins of Puget Sound and segments along the Straight 425 

of San Juan de Fuca south coasts.  

5.3 Changes as a function of return period 

We addressed whether modeled changes to water levels and waves are uniform across return periods 

(plotted in Figure 4 are only the annual and 30-year return periods). To explore this dimension of the data, 

a subset of return periods (annual, 5-year, 10-year, 15-year, and 30-year) are plotted in Figure 5, 430 

aggregated at each of the basins detailed in Figure 2. Variability across stations in each basin and across 

the CMIP6 ensemble is included within the violin plot density estimates (shading behind bars, Fig. 5). 
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 435 
Figure 5: Ensemble change in water levels and wave heights for extreme events (Return Period 1 – 30). Changes are aggregated 

across all members of the CMIP6 ensemble and for all stations in each basin. The variability across this aggregated sample is 
plotted as density (width of the violin plot) and with the mean and min/max extremes plotted as vertical lines. 
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Figure 5, subplot A, shows a distinct trend in how water levels are projected to change as a function of 440 

return period. Specifically, this plot reaffirms results shown in Figure 3, that water level change increases 

with higher return period in each basin. For all basins, the annual (RP 1) shows a decrease in water levels 

into the future (although small and not statistically significant) but increases (up to nearly 20 cm of 

increase) for the 30-year event. 

 445 

Significant wave height change (Figure 5B) is less consistent across return periods. Although subtle due 

to the plot scale, the ensemble mean predictions indicate both increases and decreases in wave heights 

with increasing return period, depending on the basin. Notably the y-axis range for significant wave height 

changes is an order of magnitude larger than that for water level changes, reflecting greater variability in 

the wave response. This uncertainty primarily is sourced from the CMIP6 wind forcing, with significant 450 

disagreement across the ensemble, both in terms of magnitude and sign, for projected changes in wind 

forcing. There is local variability across basins (refer to Figure 4), but the large range in predicted changes 

(vertical brackets in the violin plots), is driven by individual CMIP6 model iterations showing very 

different future wave characteristics. The bulk of predictions (visible by width in the violin plots), is 

concentrated at smaller changes with outliers driving the width of the violin plot bars. Overall, this result 455 

(uncertainty and local variability strongly controlling CMIP6 predicted changes) complicates efforts to 

make basin-scale general conclusions regarding changes to wave height.  

 

 Figure 5 shows that for both significant wave height and water levels, projected future changes exhibit 

substantial variability, as indicated by the density distributions and whiskers in the violin plots. This 460 

variability combines spatial inhomogeneity across the basins and across the CMIP6 ensemble. Therefore, 

the overall large spread in the data emphasizes the need for both an ensemble of climate models and 

spatially explicit data. A lack of either of these components would give unrealistic impressions of the 

uncertainty in the data and a less robust answer (for example if an outlier station or CMIP6 model member 

was used). This result is especially true for waves where variability in predicted change is an order of 465 

magnitude greater than the mean change signal itself. Results in Figure 3 illustrate the importance of this 

conclusion, where for Friday Harbor extreme waves, the HadGem-HM model shows the complete 
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opposite sign, as well as a much greater magnitude, of change compared to other models. Overall, the 

large variability indicates that changes in extreme water levels and significant wave heights are relatively 

uncertain across the Salish Sea (also refer to significance testing in Figure 4).  470 

5.4 Changes as a function of Season 

To further decompose how changes in water levels are projected into the future, an additional view is 

presented in Figure 6. In Figure 6, changes in water levels are decomposed by season and plotted by 

individual climate model. We report changes by season as previous research has highlighted that 

annual-mean values can mask substantial seasonal shifts under warming conditions. Specifically for 475 

hydrology in the Salish Sea Basin, significant seasonal changes manifest as decreasing flows in the 

summer and increasing flows in the winter (with the mean change averaging out to around zero) (CIG, 

2015; Buitink et al., 2025). Finally, Figure 6 shows the individual CMIP6 model deltas, giving insight 

into the spread between models and showing the individual biases for each ensemble member. 

 480 
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Figure 6: Seasonal variability in changes to water level (WL) by quantile at NOAA tide gauge 9447130 (Seattle). Both the full CDF 
(subplot A, B, C, D) and a zoom-in on quantiles greater than 0.98 (subplot E, F, G, H) are plotted. Model iterations CNRM (blue), 
EC-Earth (orange), GFDL (Green), HadGEM-HH (Red), HadGEM-HM (Purple), HadGEM-HM SST (Brown), CMCC (Pink), 

and the ensemble mean (bold blue) are plotted.  485 

 

Figure 6 shows that, in general, water levels are expected to decrease slightly in the winter months 

(December, January, and February) and increase slightly in the summer months (June, July and August). 

This result is general across the cumulative distribution function (CDF), although behavior can change 

drastically at the extremes. Even with the x-axis scale change to quantiles greater than 0.98 (Figure 6, 490 

subplot E, F, G, and H), extreme behavior (e.g., annual return period events and greater) is not easily 

visible in this plot because extremes are compressed at approximately the 1.0 quantile (e.g., the 30-year 

event is approximately the .000099 quantile). Furthermore, general patterns across the CDF start to break 

down moving towards extremes, with CMIP6 models diverging (Figure 6, subplot E) and signal 

magnitude changing rapidly (Figure 6, subplot H). 495 
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The plotting of individual models further reveals the ensemble spread with some divergent behavior by 

certain models. For example, CNRM (blue) is substantially lower for a portion of the year (Spring and 

Summer), and the opposite sign of the ensemble (decrease rather than increase in water levels) for 

summer.  This outlier behaviour brings down the ensemble average for the summer months where other 500 

models would predict a larger increase in water levels and erodes the significance of the modeled change. 

These results emphasize the utility of an ensemble. Figure 6 also shows that changes are potentially larger 

at the extremes but are also predicted for lower quantiles. While changes to extremes are relevant to 

coastal hazards, a change to the mean water level can be equally important for coastal dynamics, 

ecosystems, and many other processes.  505 

5.5 Changes as a function of SLR 

The above results focused on changes without considering SLR, and an additional dimension of this 

dataset couples waves and water levels with sea level scenarios. Recent research has shown the 

importance of coupled effects of SLR on waves, tides, and non-tidal residual (Idier et al., 2019). However, 

the magnitude of the nonlinear effects of SLR on waves and water levels is locationally variable and of 510 

differing significance, demonstrating its importance as a research topic. Figure 7 examines the nonlinear 

effect of SLR on changes to water levels by plotting changes at a variety of SLR scenarios (0-3 m of SLR) 

for each of the basins. Only the nonlinear effect is plotted (the bulk change in water level from SLR is 

subtracted) because the SLR signal is significantly larger. 

 515 
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Figure 7: Ensemble change in water levels for the annual (A) and 30-yr (B) event, plotted with increasing sea level rise. Ensemble 

changes are plotted with SLR removed. Changes are aggregated across the members of the CMIP6 ensemble and for all stations in 520 
each basin. The variability across this aggregated sample is plotted as density (width of the violin plot) and with the mean and 

min/max extremes plotted as horizontal lines. 

 

Figure 7 shows that non-linear effects are present at most basins, shown as a shift in modeled changes to 

water levels moving from 0 m of SLR to 3 m of SLR. This nonlinear effect can be greater than 10 cm 525 
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(e.g., for central Puget Sound or south Puget Sound) or relatively insignificant (e.g., Strait of Juan de 

Fuca). Both the 1-year event (subplot A) and the 30-year event (subplot B) show a similar pattern but 

with some differences by basin. For the south Puget Sound, Bellingham Bay and Whidbey Bay Basins, 

variability greatly increases moving to higher SLR scenarios. This is driven by specific locations in the 

basins showing larger nonlinear effects, so that while the overall ensemble average may show a modest 530 

nonlinear effect, there may be specific locations where the magnitude may be more significant. We 

hypothesize that for shallow basins further away from the Pacific Ocean, the non-linear effects are largest 

due to compounding effects and larger change in tidal propagation in shallow water. 

6. Discussion 

This study introduces a unique dataset, modeling water levels and wave parameters across the Salish Sea 535 

for multiple periods (reanalysis, historical, and future CMIP6) and SLR scenarios. This dataset provides 

a rich characterization of regional coastal dynamics and how they may change into the future. Specifically, 

continuous and consistent dynamic physical modeling of how coastal storms, waves, and SLR interact 

provide vital information on long-term spatial and temporal variability. A continuous timeseries approach, 

while computationally expensive, broadens data usability for downstream work as data is flexibly 540 

available across a large spatial and temporal range. This study introduces this dataset, focusing on one 

aspect (extremes and changes into the future), but acknowledges that this work primarily is a foundation 

for a wide range of research applications using this base dataset (e.g., Nederhoff et al., 2025). 

6.1 Complexity in changes 

Results from this study examined how extreme water levels and significant wave heights may change 545 

across a variety of dimensions (e.g., space, return period, seasons). A major takeaway from this approach 

was that, in general, climate-driven changes to water levels cannot be adequately described by a single 

bulk increase or a uniform adjustment applied across all events. Such an approach can smooth over the 

underlying physical mechanisms driving change and fail to capture distributional shifts that are not 

monotonic or uniform. Instead, the modeling framework used here reveals a more complex pattern in 550 

which different portions of the water-level distribution change in different directions. For example, the 
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divergence between annual (decreasing) and 30-year (increasing) return period water level changes shows 

that climate-forced adjustments can vary substantially across quantiles, emphasizing the importance of 

explicitly modeling the time series rather than applying a single adjustment factor. In terms of experienced 

coastal risk, this predicted change signal would manifest as smaller “nuisance-level” flood magnitudes 555 

for the most frequent events and increasing magnitudes for the largest, less frequent extremes. From an 

integrated risk perspective, such as the Expected Annual Flooded Area (EAFA) metric used in Nederhoff 

et al. (2025), these opposing tendencies may balance each other out, leading to a muted or buffered change 

in overall risk into the near future even as specific extreme thresholds shift. 

 560 

The complexity of these patterns is further illustrated through the seasonal and quantile-based analysis 

shown in Figure 6. Specifically, changes vary seasonally as well as in terms of extremity. This complexity 

has direct implications for flood-risk assessment and adaptation planning because it demonstrates that the 

trajectory of future risk depends on bulk changes to extremes and on how those changes are distributed 

across event magnitudes, seasons, and locations. These results indicate that a method designed to preserve 565 

these changes, such as the pseudo-global-warming (PGW) method (Brogli et al., 2023) could be 

applicable. The PGW strategy consists of applying the climate change signal (“delta”) from a global 

climate model to current atmospheric conditions and running the resulting fields through a high-resolution 

model. Figure 6 effectively plots the “delta” fields that would be used in a PGW implementation, 

providing context for how historical flooding may change across the entire distribution of water levels, 570 

from common events to the rarest extremes. 

6.2 Statistical Uncertainty in Future Changes 

As a qualifier to the above conclusions on complexity in changes into the future, most changes were not 

found to be statistically significant. Climate models have spatially varying levels of agreement across the 

globe (Tebaldi et al., 2021), and the Salish Sea Basin seems to be a region of less agreement in terms of 575 

the near-term future climate. Certain basins exhibit statistically significant change to 30-year water levels, 

although an analysis based on a longer period could better assess if this extends to higher return periods. 

An important consideration is that these results are based on a 2050-time horizon. Climate may diverge 
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further past 2050, and the methodology in this study is unable to qualify longer-term changes (e.g., the 

often-used 2100-time horizon). While extreme-value analyses using fitted distributions such as 580 

generalized Pareto or generalized extreme value models could be used to extrapolate beyond this period, 

prior studies suggest that increasing non-stationarity, evolving distribution tails, changes in storm 

regimes, and divergence across emissions scenarios may limit their ability to represent climate behavior 

after mid-century (e.g., Meehl et al., 2020; Hermans et al., 2024).This is acknowledged as a necessary 

limitation of the utilized methodology (refer to section 2.2.2). Further work examining changes to 2100 585 

would allow examining higher return period events and whether model consensus on changes to forcing 

further converges into the future. 

 

A second reason for calculated changes to extremes to be relatively small is the specific mix of forcing 

for the Salish Sea. Figure 8 shows the water level components across the Salish Sea basins. Here wave 590 

height was converted to setup using the common engineering assumption of 20% significant wave height 

(Vousdoukas et al., 2018). Tide and Non-Tidal Residuals (NTR) were decomposed using a separate model 

run forced by only tides. Tides are the results from the tides only run, and NTR are the result of subtracting 

the tides only run from the full forcing run. Results were calculated as the average across extremes 

determined using a Peak-Over-Threshold methodology. Figure 8 shows that extreme water levels are 595 

generally dominated by tides, making up over 70% of the still water level (here defined as tide + Non-

Tidal Residual + Wave Setup). Tides are not significantly affected by climate change (although some 

constituents are atmospherically forced and they are affected by SLR), so the main control on extreme 

events is approximately static into the future, making measured change small. 

 600 
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Figure 8: Water level components (tides, non-tidal residual and wave setup) across the Salish Sea for extremes. Magnitude of the 

bar represents the aggregated average across extremes (determined using Peak-Over-Threshold) and across the basin. Results are 
for the reanalysis period. 605 

 

Considering water level extremes from a compound perspective (e.g., waves and water levels combine to 

drive flooding), the practical significance of changes is further eroded. Due to the dominance of tides, 

even a large change in significant wave heights would likely not significantly affect flooding in the Salish 

Sea. Ocean-driven extreme water levels in the Salish Sea are predominantly caused by the occurrence of 610 

some forcing (waves or NTR) co-occurring during a large high tide. The forcing on top of high tides is 

likely not extreme for the individual component because it is highly unlikely that the 30-year significant 

wave height would co-occur with the 30-year high water level. The unlikely co-occurrence of extremes 

may define the very extreme tail of possibilities but is not examined here; our analysis is restricted to the 

30-year event. 615 
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Several studies from other coastal regions show a similar pattern of weak or statistically indistinguishable 

mid-century changes in atmospheric forcing relevant to waves and storm surge. For example, Muis et al. 

(2023) found that modeled future changes to storm surge are small compared to uncertainties. Similarly, 

the IPCC (2023) noted high near-term uncertainty and inter-modal disagreement in climate signals 620 

relevant to coastal processes. Collectively, these results emphasize that, for near future to mid-century, 

the magnitude of modeled changes remains small relative to ensemble spread. While a lack of statistically 

significant changes may be scientifically “unexciting,” it is practically a key result. With large changes 

in water levels and waves not robustly predicted into the near future, this means that considering 

current/historical climate as an analogue for the future is a reasonable assumption for much of the Salish 625 

Sea. This said, changes may become more significant in the long term (e.g., beyond 2050) and there are 

locations within the Salish Sea that do have statistically significant signals at higher recurrence intervals 

(refer to Figure 3). 

 

6.3 Study Limitations 630 

Here, we discuss the limitations of this study to help qualify the interpretations of the results. First, this 

analysis only considers a subset of the components contributing to flooding. For example, the largest 

increase in flooding in the Salish Sea Basin may be from fluvial/pluvial changes because precipitation 

increasingly falls as rain rather than snow during winter months (CIG, 2015). Rain on snow events are 

often drivers of extreme flooding, and their distribution and frequency may change into the future (Cohen 635 

et al., 2015). Additionally, changes to freshwater discharge (both in magnitude and timing) may induce 

changes to salinity and mixing, potentially affecting density and in turn regional water levels. Finally, 

anthropogenic changes are a key and highly uncertain contributor to future flood risk, with watershed 

management, coastal protection, and numerous other factors being first-order controls on experienced 

coastal risk.  640 

 

https://doi.org/10.5194/egusphere-2026-3369
Preprint. Discussion started: 22 July 2026
Public domain. CC0 1.0.



34 
 

An additional limitation to this study is the coarser resolution of the forcing ERA5 and CMIP6 data. 

Resolution of wind fields is especially important for wave modeling (Crosby et al., 2023) and the lack of 

wind downscaling is likely a source of error in the utilized modeling framework. Error from winds is 

likely concentrated with the wave modeling component because Yang et al., (2019) and Soontiens et al., 645 

(2016) found that high-resolution winds did not necessarily improve model performance for surge 

calculations in the Salish Sea. An alternative strategy could be to downscale CMIP6 atmospheric data to 

a higher resolution, either using statistical or dynamic downscaling. This would likely improve wave 

predictions but at a high computational cost. With available resources, downscaling could be done for a 

single CMIP6 model but not for an ensemble. This study showed that CMIP6 models displayed significant 650 

divergent behavior; therefore, running an ensemble as was done in this study is necessary to produce 

robust future predictions. Figure 6 demonstrates the utility of an ensemble, with the CMIP6 predicted 

change being of a similar magnitude and opposite sign (e.g., summer and the CNRM or HadGEM-HM 

models). The arbitrary selection of a single model could therefore have completely changed the calculated 

delta. This study took the compromise of using lower resolution winds but including more CMIP6 655 

members with the assumption that this will produce a more robust outcome. 

 

Another qualification of this study is that the workflow structure does not give significant power to 

calculating significance in changes. This study used an ensemble of 7 CMIP6 models, which is significant 

from a model simulation perspective, but not necessarily for statistical sampling. A sample size of 7 660 

requires large signals to be considered statistically significant at the 95% confidence level. Furthermore, 

some models were found to exhibit non convergent behaviour (e.g., figure 6, CNRM for summer). While 

excluding this model could have increased measured change (and significance), exclusion of CMIP6 

models should be done with extreme care (Katzenberger et al., 2025). With inter-modal disagreement and 

relatively subtle changes to processes, measured change was generally found to be insignificant. Running 665 

more CMIP6 models to increase the sample size could increase statistical power and buffer outliers but 

would be computationally prohibitive. An additional possibility would be to explore longer timeframes, 

e.g., model runs to 2100 where climate change effects may be more robust. At the time of this study, 

models from the CMIP6 HighResMIP project (used for this study) only extended to 2050. If these models 
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were extended to 2100, this could provide additional ability to discuss predicted changes to forcing, 670 

although at the longer 2100-time horizon rather than 2050. 

 

6.4 Policy Implications 

The results of this study have several implications for understanding coastal hazards and for identifying 

areas where additional scientific investigation may be valuable. A key finding is that climate-driven 675 

changes to oceanic forcing (waves, storm surge, wind setup, and non-tidal residuals) are generally small 

in magnitude and, for most of the region, not statistically significant through 2050. This distinction shapes 

how these results may be interpreted when considering the allocation of scientific and financial resources. 

Because modeled changes to waves and water levels fall within the uncertainty range of the CMIP6 

ensemble for most basins, present-day storm climatology seems to provide a reasonable analogue for 680 

near-future conditions. Under this interpretation, historical extreme events, existing observational 

datasets, and projected sea-level rise (SLR) could provide a credible basis for hazard assessments. 

 

In contrast to small change signals for forcing, sea level rise (SLR) represents a dominant driver of future 

coastal hazards. SLR is certainly a contributor to changes in extremes, a result that is not fully highlighted 685 

in the above results for which SLR is removed (for plotting non-linear effects, section 5.5) or not 

considered (0 SLR scenario plotted). As illustrated in Figure 8, SLR rapidly becomes a key factor for 

extremes in combination with tides because NTR and waves are relatively small. Additionally, SLR is 

(from an event perspective) temporally constant and so the co-occurrence with a high tide is not necessary 

for it to contribute to compound extremes. Collectively, these results indicate that SLR is likely to exert 690 

a stronger influence on future coastal water levels and shoreline change than projected changes in 

storminess. 

 

This study additionally examined the non-linear effects of SLR on forcing (refer to section 5.5). Overall 

non-linear effects were found to be present but were generally not significant. Similar to other findings 695 

from this study, capturing these effects is computationally expensive and likely within the uncertainty 
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bands for predicted future climate. Non-linear effects are small compared to the SLR signal driving the 

nonlinear effects. For example, the max basin ensemble mean nonlinear change of approximately 10 cm 

is driven by 300 cm of SLR (and thus is only around 3% of the signal). From a hazards perspective, the 

SLR signal would dominate the resulting effects. While some locations may exhibit larger nonlinear 700 

responses that are averaged out in basin-scale summaries (Figure 7), these can be examined in detail using 

the full dataset provided. 

 

The modeling workflow used in this study required more than 8,000,000 CPU hours on the USGS 

High-Performance Computing system. Establishing that climate-forced changes to storminess are 705 

unlikely to substantially alter near-term coastal hazards indicates that future scientific assessments may 

not require similarly intensive modeling to characterize near-future conditions. In such cases, 

high-resolution topographic and bathymetric data, historical storm climatology, and SLR projections may 

offer substantial value for understanding exposure. Overall, these findings highlight the relative 

importance of SLR in shaping near-term coastal hazards in the Salish Sea and help clarify where 710 

additional scientific effort may yield the greatest improvements in understanding. 

7. Conclusions 

This study used a robust ensemble of CMIP6 forced regional models to examine how climate change and 

SLR are expected to affect waves and water levels in the Salish Sea. Results showed that modeled extreme 

water levels (e.g., the 30-year event) are expected to increase into the future across the Salish Sea, with 715 

the magnitude of change decreasing as events get less extreme and switching to a decrease for annual 

events. Results for changes to waves are less consistent; waves generally decrease for the southern basins, 

but the magnitude of the change is not statistically significant. Partitioning results by season show that 

overall water levels are expected to decrease slightly in the winter months and increase slightly in the 

summer months.  720 

 

Using an ensemble allows exploring the significance of measured changes from the larger CMIP6 

ensemble. Overall, the CMIP6 ensemble is found to exhibit significant variability for the Salish Sea Basin, 
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resulting in much of the modeling change to be found not statistically significant. This result highlights 

the importance of modeling using ensemble methods for analysis because choosing a single CMIP6 725 

ensemble member could result in over 100% differences in calculated change. While using ensemble 

techniques is computationally costly, the investment is necessary to produce robust estimates of change. 

The result of non-significant change at the 2050-time horizon is important for forward-looking coastal 

hazard and coastal processes type analysis because it supports the assumption that present-day conditions 

are a reasonable proxy for the near future (e.g., 2050). This simplifies analysis and could save 730 

considerable effort by removing this source of uncertainty. A key consideration in this outcome is that 

this study can only examine changes to 2050; therefore, this assumption of non-significance could be 

incorrect at longer time scales, such as to 2100. Also, improvements to global climate models may 

increase consensus among climate projections resulting in more significance in forced wave and water 

level changes. 735 

  

Finally, this study looked at non-linear effects of SLR on waves and water levels. SLR was found to have 

some effects on water levels, with the 3 m SLR scenario showing up to 10 cm of additional increase to 

water levels. While this is numerically significant, important context is that these non-linear effects are 

in general still small compared to the magnitude of SLR itself. With 3 m of SLR, the difference of 10 cm 740 

is likely within flood model uncertainty (and certainly within climate uncertainty) and will be relatively 

insignificant in terms of impact compared to the much larger SLR signal. Non-linear effects on waves 

were found to be relatively insignificant, primarily related to the 10-m depth of examined wave output 

stations. 

 745 

Overall, this study develops a rich dataset of regional scale water levels and waves as forced by the CMIP6 

dataset. In addition to characterizing projected changes in physical drivers across the Salish Sea, the 

dataset could be used for a range of future scientific analyses related to coastal processes and hazards. For 

example, the dataset could be applied to local-scale investigations of flood hazard exposure and how such 

exposure may evolve under different climate trajectories. 750 
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Appendix A: Model Validation 1005 

A brief summary of model validation information is provided here. Table A1 details model performance 

of modeled water levels compared against tide gauge data at all locations within the model domain. 

Comparison is for the full period of overlap of the reanalysis model period (1940–2023) and tide gauge 

data availability (6-min validated data, Center for Operational Oceanographic Products and Services, 

2022). Model skill metrics are shown for still water levels, non-tidal residuals (NTR), and tides. NTR 1010 

were calculated for model results by subtracting a tide-only simulation (no forcing other than astronomical 

tides) from a simulation with full forcing applied. NTR were calculated for tide gauge data by subtracting 

the observed water level from the NOAA predicted tide timeseries (Center for Operational Oceanographic 

Products and Services (CO-OPS), 2022). 

Metrics are defined as follows: 1015 

 RMSE: Root Mean Square Error 

 R2: Coefficient of Determination 

 MADc: Corrected Mean Absolute Deviation (phase-error resistant metric proposed by Campos-

Caba et al., 2024) 

 Bias: Bias 1020 

 Slope: Slope of the linear fit between observations and the simulation.  
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Table A1: Model Performance at Tide Gauges across the Salish Sea 

Water Levels 

Gauge Location 
Record 

Length (yrs) RMSE R2 MADc AbsBias Slope 
9443090 Neah Bay 27.6 0.133 0.968 0.122 0.047 0.990 
9444090 Port Angeles 27.0 0.137 0.963 0.362 0.004 0.905 
9444900 Port Townsend 27.6 0.163 0.963 0.362 -0.059 0.907 
9447130 Seattle 28.1 0.131 0.985 0.177 -0.014 0.972 
9446484 Tacoma 26.1 0.132 0.986 0.137 0.016 0.976 
9449880 Friday Harbor 27.6 0.141 0.967 0.140 0.061 0.972 
9449424 Cherry Point 27.4 0.132 0.978 0.218 -0.042 0.978 

        
Average ----------------   0.138  0.973 0.217 0.002 0.959 

        
Non-Tidal Residual 

Gauge Location  RMSE R2 MADc AbsBias Slope 
9443090 Neah Bay 27.6 0.135 0.197 0.161 -0.041 0.904 
9444090 Port Angeles 27.0 0.124 0.270 0.107 -0.003 0.923 
9444900 Port Townsend 27.6 0.130 0.090 0.143 0.023 0.929 
9447130 Seattle 28.1 0.138 0.010 0.139 0.033 0.845 
9446484 Tacoma 26.1 0.138 0.001 0.139 0.035 0.839 
9449880 Friday Harbor 27.6 0.125 0.162 0.130 0.015 1.006 
9449424 Cherry Point 27.4 0.123 0.240 0.113 -0.011 0.967 

        
Average ----------------   0.113  0.138  0.133 0.009 0.916 

               
Tides 

Gauge Location  RMSE R2 MADc AbsBias Slope 
9443090 Neah Bay 27.6 0.145 0.962 0.143 0.089 0.974 
9444090 Port Angeles 27.0 0.127 0.966 0.327 0.005 0.895 
9444900 Port Townsend 27.6 0.164 0.962 0.431 -0.082 0.897 
9447130 Seattle 28.1 0.115 0.988 0.228 -0.048 0.967 
9446484 Tacoma 26.1 0.102 0.991 0.176 -0.019 0.977 
9449880 Friday Harbor 27.6 0.121 0.975 0.175 0.046 0.964 
9449424 Cherry Point 27.4 0.129 0.978 0.235 -0.031 0.974 

        
Average ----------------  0.129 0.975 0.245 -0.006 0.950 

 

 1025 
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Similar data are provided here comparing modeled significant wave heights and periods to available 

observations (National Data Buoy Center, 2022, Grossman et al., 2024, Nowacki et al., 2023, Crosby and 

Grossman, 2019): 

 

 1030 

 

Table A2:  Model Performance at wave observation points across the Salish Sea 

Significant Wave Height 

Location Type 

Record 
Length 
(days) RMSE R2 MADc Bias Slope 

Angeles Point 
NDBC Buoy 

(Station 46267) 
929 

0.34 0.13 0.35 0.19 0.57 
Bellingham Bay 1 Pressure Sensor 106 0.17 0.34 0.15 0 0.62 
Bellingham Bay 3 Pressure Sensor 198 0.17 0.57 0.15 0.05 0.62 
Bellingham Bay 4 Pressure Sensor 78 0.18 0.62 0.16 -0.04 0.73 

Halibut Bank 
NDBC Buoy 

(Station 46146) 

9923 

0.28 0.08 0.25 -0.07 0.96 

Hein Bank 
NDBC Buoy 

(Station 46088) 
6833 

0.28 0.36 0.23 -0.01 1.02 
S1 Pressure Sensor 60 0.12 0.59 0.12 0 0.58 
S2 Pressure Sensor 60 0.13 0.58 0.11 -0.01 0.53 
S3 Pressure Sensor 41 0.11 0.16 0.11 -0.04 0.44 

Spotter Buoy 569 0.13 0.65 0.12 0 0.92 
W1 Pressure Sensor 131 0.22 0.37 0.16 0.09 0.38 
W2 Pressure Sensor 131 0.23 0.41 0.16 0.09 0.42 
W3 Pressure Sensor 135 0.33 0.02 0.26 0.21 0.33 
W4 Pressure Sensor 135 0.28 -0.01 0.24 0.18 0.4 

        
W5 Pressure Sensor 145 0.32 0.22 0.26 0.18 0.49 
W7 Pressure Sensor 142 0.2 0.51 0.15 0.11 0.53 

        
Average ----------------  0.22 0.35 0.19 0.06 0.60 

        
        

Mean Wave Period 
Gauge Location  RMSE R2 MADc AbsBias Slope 
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Angeles Point 
NDBC Buoy 

(Station 46267) 
929 

2.39 -0.65 3.19 1.25 0.68 
Bellingham Bay 1 Pressure Sensor 106 0.77 -6.18 1.55 0.6 0.34 
Bellingham Bay 3 Pressure Sensor 198 0.78 -5.63 1.49 0.68 0.73 
Bellingham Bay 4 Pressure Sensor 78 0.69 -1.23 1.35 0.58 0.8 

Hein Bank 
NDBC Buoy 

(Station 46088) 
6833 

1.98 -3.17 2.67 1.58 0.08 
S1 Pressure Sensor 60 0.41 -2.39 0.72 0.29 0.65 
S2 Pressure Sensor 60 0.4 -4.37 0.7 0.31 0.92 
S3 Pressure Sensor 41 0.6 -6.21 0.96 0.55 0.43 

Spotter Buoy 569 0.74 -2.06 1.23 0.64 0.83 
W1 Pressure Sensor 131 2.06 -2.8 2.51 1.69 -0.05 
W2 Pressure Sensor 131 3.01 -3.11 3.69 2.54 -0.04 
W3 Pressure Sensor 135 1.96 -5.86 2.89 1.74 -0.05 
W4 Pressure Sensor 135 2.21 -4.42 3.05 1.92 -0.04 
W5 Pressure Sensor 145 2.34 -4.64 3.21 1.98 -0.11 
W7 Pressure Sensor 142 2.76 -2.42 2.93 2.2 -0.03 

        
Average ----------------  1.54 -3.68 2.14 1.24 0.34 
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