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Assessing shell sh water
exposure to fecal bacteria
pollution in Salish Sea: three-
dimensional modeling and
Implications for monitoring
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Fecal bacteria (FB) contamination poses signi cant risks to shell sh safety and
management in coastal and estuarine waters. Despite extensive pollution
identi cation and correction efforts, FB contamination in shell sh-growing
areas persists in the Salish Sea, highlighting the need to identify overlooked
sources and better understand FB transport from riverine and shoreline inputs
to shell sh beds. To address this, a high-resolution three-dimensional
hydrodynamic model coupled with FB kinetics was developed and applied to a
case study site in Salish Sea—Portage Bay—to simulate freshwater plume
circulation, ushing dynamics, and bacterial transport. Daily FB loading from the
major freshwater in ow—Nooksack River was generated by both linear
interpolation and integrating a machine learning approach (XGBoost), trained
on historical hydrological and meteorological data. The model successfully
reproduced both the magnitude and seasonal variation of FB concentrations in
Portage Bay for the year of 2021, demonstrating that simpli ed FB kinetics with

rst-order decay due to mortality was effective in this dynamic coastal
environment with short ushing time. Model results identi ed the Nooksack
River as the dominant far- eld FB source, while scenario simulations showed
that near- eld coastal stormwater outfalls elevated local FB levels following
rainfall, particularly under low- ow conditions. The XGBoost prediction
provided comparable or superior accuracy to linear interpolation, particularly
during periods of missing observational data, by capturing short-term variability
and event-driven loading more effectively. Integrating data-driven riverine FB
inputs with mechanistic coastal numerical modeling provides a robust framework
for operational forecasting of shell sh bed exposure risk and supports adaptive
monitoring and management of shell sh growing areas in the Salish Sea and
similar coastal systems.
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1 Introduction

Feces can contain a wide range of pathogens that pose health
risks when introduced into aquatic environments. Direct detection
of these pathogens is often expensive, time-intensive, and
technically challenging. Consequently, fecal bacteria (FB), such as
fecal coliforms, Escherichia coli (E. coli), and enterococci, have been
widely used as indicators for the presence of pathogens from fecal
contamination in the water and associated health risk assessments
(Holcomb and Stewart, 2020). Shell sh are Iter feeders that can
accumulate FB and associated pathogens from the surrounding
water, which would induce safety issues after being consumed by
human (Wittman and Flick, 1995; Campos et al., 2013). Harvesting
of commercial shell sh beds are usually restricted or prohibited
when high levels of FB are present. To improve shell sh harvesting
and prevent FB pollution, numerous efforts have been made to
identify the sources of contamination based on various microbial
source tracking (MST) methods and analysis with relevant
environmental factors (Paruch and Paruch, 2022; Katarzyte et al.,
2018). For instance, qPCR and genetic marker analysis have been
used to identify fecal pollution sources in Tillamook Bay oyster
growing areas and distinguish human and animal pollution in
French estuaries, respectively (Bernhard et al., 2003; Gourmelon
et al., 2007). In combination with Bayesian SourceTracker tool,
Williams et al. (2022) utilized gPCR and 16S rRNA gene sequencing
to determine the causes, spatial extent, and point sources of fecal
contamination within Rose Bay. Based on traditional monitoring
and molecular methods, Katarzyte et al. (2018) built the correlation
between E. coli and environmental parameters such as pH, oxygen
and turbidity, and found the main pollution sources are the sewage
outlets in the Curonian Lagoon, Baltic Sea.

While MST techniques have improved FB source identi cation,
there is substantial need for tools that can effectively predict spatial
and temporal FB pollution patterns in coastal and estuarine waters
for management purposes. Many studies have focused on predicting
coastal FB levels by relating to environmental conditions such as
rainfall, wind, and seasonal variability (Lipp et al., 2001; Zimmer-
Faust et al., 2018; You et al., 2023). Lipp et al. (2001) found that fecal
indicators were strongly tied to rainfall, stream ow, and
temperature, and developed binary logistic regression models to
predict enteroviruses occurrence in a subtropic estuary of Florida,
U.S. In Chesapeake Bay, Leight et al. (2016) related short-term
weather conditions (i.e. rainfall within 24 hours) and long-term
climate drivers (e.g. seasonal temperature and precipitation,
Atlantic Multidecadal Oscillation) to FB patterns and trends.
Precipitation thresholds in the watershed were also established for
predicting fecal coliform levels of Maryland shell sh waters,
revealing that rainfall events beyond those thresholds reliably
trigger elevated indicator levels (Leight and Hood, 2018). More
recently, Zimmer-Faust et al. (2018) and Wang and Deng (2019)
applied advanced regression models and arti cial neural networks,
using environmental variables such as rainfall, wind, salinity,
temperature, tide, and solar radiation to predict daily fecal
coliform levels in oyster harvest areas along the Tillamook Bay
and Gulf of Mexico coasts, respectively. These studies primarily
employed statistical and machine learning models that leverage
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extensive monitoring data of FB and environmental variables to
directly predict bacterial levels in marine waters. However, without
explicitly representing the underlying hydrodynamic processes,
such approach generally lacks a mechanistic understanding of FB
transport from sources such as rivers, coastal stormwater outfalls,
and wastewater treatment plants to key marine areas.

Alternatively, biophysical numerical models have served as
effective tools for simulating the fate and transport of
contaminants in coastal systems, offering varying levels of
complexity in their hydrodynamic formulations and
representations of FB kinetics (Canale et al,, 1993; Steets and
Holden, 2003; Chen and Liu, 2017). Canale et al. (1993)
developed a two-layer mass balance model to simulate the spatial
and temporal variability of fecal coliform concentrations in a
polluted urban lake. Bravo et al. (2017) coupled Princeton Ocean
Model (POM) based hydrodynamic models with a bacterial
transport module to simulate fecal coliform distribution in an
urban coastal area of Lake Michigan following rainfall events. In
addition, dynamic numerical model offers the capabilities to
conduct deterministic study on key processes for FB distribution.
For example, Steets and Holden (2003) used a mass balance-based
mechanistic model to identify key processes controlling fecal
coliform removal and storage in a coastal lagoon under varying
seasonal ow conditions. Zhu et al. (2011) applied a vertically
integrated nite element model to assess the in uence of non-point
sources and environmental factors on enterococci transport at a
subtropical recreational beach in South Florida. Using three-
dimensional models incorporating FB kinetics, Liu et al. (2015)
demonstrated the critical role of freshwater discharge in shaping
fecal coliform distributions in Danshuei River Estuary, while Chen
and Liu (2017) revealed the signi cant in uence of suspended
sediment on fecal coliform levels in a tidal estuarine system.

A key limitation in applying biophysical numerical models to
predict FB in coastal and estuarine systems is the need for
continuous observational inputs of bacterial loads from upstream
and nearshore sources such as river streams, wastewater treatment
plants (WWTPs), coastal stormwater outfalls, and other non-point
sources—data that are rarely available at the required temporal
resolution. To address this gap, previous studies have often relied on
simple linear interpolation or regression relationships with ow to
construct continuous input time series for models (Bravo et al.,
2017). In contrast, numerous hydrological studies have developed
process-based and data-driven approaches to predict the
spatiotemporal variability of FB concentrations in watersheds
with varying land uses (Verhougstraete et al., 2015; Cho et al.,
2016; Neill et al., 2018; Abbas et al., 2021). There remains a clear
disconnect between these watershed-scale FB prediction and its
integration into coastal numerical modeling frameworks, which
limits opportunities to improve the accuracy and mechanistic
realism of coastal FB prediction.

The Salish Sea is one of North America’s most important
shell sh-producing regions, with commercially harvested
products distributed worldwide (Washington Sea Grant, 2015).
As a marginal sea of the Paci ¢ Ocean, it spans the coastlines of
British Columbia, Canada, and Washington State, USA,
encompassing the Strait of Georgia, the Strait of Juan de Fuca,
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and Puget Sound (Figure 1a). The system receives substantial
freshwater in ows that drive complex circulation, mixing, and
exchange processes between subbasins and the Paci ¢ Ocean
(Khangaonkar et al., 2017; MacCready et al., 2021; Allen et al.,
2025). By the end of 2024, Washington State had approximately
1,536 km of shell sh-growing areas classi ed for commercial
harvesting, of which more than 1,018 km were approved for
active use. However, these growing areas are frequently impacted
by FB contamination from both point sources (e.g., wastewater
ef uent discharges) and non-point sources (e.g., surface water
runoff), leading to periodic harvest closures and classi cation
downgrades (Struck, 1988; Banas et al., 2015). Although local
agencies have been working with U.S. EPA through the National
Estuary Program’s Shell sh Strategic Initiative to conduct
numerous pollution identi cation and correction activities to
reduce bacteria levels in freshwater and marine waters affecting
shell sh beds, the problem of shell sh beds exposure to FB persists.
Thus, there remains a critical need to identify potential missing
sources and better understand the dispersion and transport of fecal
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bacteria from riverine and shoreline sources to shell sh beds across
the Salish Sea.

To address above management and research challenges, this
study presents the development of a high-resolution three-
dimensional hydrodynamic model incorporating a FB kinetics
module, and its application to a testbed case study at the Portage
Bay shell sh harvest area in the Salish Sea. Numerical dye-release
experiments have been extensively applied to examine the dynamics
of coastal systems and assess the fate and transport of marine
contaminants, by resolving advective—dispersive pathways and
elucidating residence-time and ushing characteristics (Feddersen
et al., 2016; Ahmed et al., 2017; Liu et al., 2024). Therefore, dye
simulations were conducted in this study to identify the ushing
time and the contributions of different pollution sources to Portage
Bay. This study also integrated a data-driven model to estimate FB
loading from the major river, representing an attempt to link FB
predictions between upstream watersheds and the coastal
environment. The speci ¢ objectives of this study are to: (1)
characterize freshwater plume dynamics, transport time scales
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Post Point WWTP (red pentagon), NOAA weather station at Bellingham International Airport (purple triangle), and NOAA tide station at Cherry Point
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and major pollution sources in Portage Bay with hydrodynamic and
dye simulations; (2) predict FB concentrations across shell sh-
growing areas and identify unheeded sources of fecal
contamination; (3) evaluate the fecal bacteria loading estimates on
model performance. Ultimately, this research aims to provide a
process-based predictive tool for shell sh-growing areas,
supporting effective monitoring design, management planning,
and risk assessment across the Salish Sea.

2 Materials and methods
2.1 Study area and data collection

Nooksack River is one of the largest freshwater-contributors to
the U.S. waters of the Salish Sea, with an annual mean ow rate of
80-143 m®ss and an approximately 2036 km? of drainage area
(Nooksack River at Ferndale, WA, USGS, 1999-2021) (Figure 1b).
The peak stream ow in the watershed during winter and spring
seasons are fed by precipitation and snowpack, and more extreme

ows are likely to occur in the future with projected changes to the
snowpack (Dickerson-Lange and Mitchell, 2014). The Nooksack
River discharges freshwater to Bellingham Bay through multiple
distributaries over a complex of tidal marsh and intertidal ats.
Portage Bay is approximately 8 km southwest of Nooksack River
delta, between the Lummi Peninsula and the Portage Island, which
hosts Lummi Nation’s shell sh growing area. (Figure 1b). The two
most common shell sh species harvested from the intertidal zone in
Portage Bay are Paci ¢ Oysters (Crassostrea gigas) and hardshell
littleneck clams (Tapes philippinarum and Protothaca staminea).
Portage Bay usually dries at a tidal stage of approximately 1.2 m
above mean lower low water (MLLW) and can prevent water from

owing across it to Hale Passage (Figure 1b). Brant Spit extends out
from the northeast corner of Portage Island westward with Brant
Island lying about 0.8 km in the north (Figure 1c). This geomorphic
feature affects the hydrodynamic connectivity in the area depending
on the tide and acts as a partial barrier to southward ow from the
Nooksack River, which will be shown in the Result section.

Water within the Portage Bay Shell sh Growing Areas has
historically experienced fecal bacteria (FB) contamination issues
that led to numerous source control efforts over the years (Joy, 2000;
Hood, 2002). The Nooksack River was historically known as the
principal contributor of FB contamination in Portage Bay shell sh
growing areas due to agricultural (Washington Department of
Health, 2009). With the remedial actions in the watershed, FB
loading has remained relatively low under normal meteorological
and hydrographic conditions (Lennartson, 2003). However, FB
levels in the mainstem of the Nooksack River began increasing
again since 2004, which raised concern on the potential impact on
the shell sh growing area status (Whatcom County Public Works,
2014). In 2023, the Conditionally Approved area in Portage Bay was
closed from September through December for a total of 122 days
(Washington Department of Health, 2024).

The water quality of marine waters in Portage Bay and the
surrounding freshwater drainages has been evaluated by various
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agencies, under both ambient and some storm conditions. Water
samples are collected monthly from a depth of six inches below the
surface at twelve marine monitoring stations over the Portage Bay
shell sh beds by the Washington Department of Health (DOH)
(Figure 1c). These samples are analyzed for fecal bacteria counts
with recorded salinity and temperature. In this study, fecal coliform
serves as fecal indicator bacteria, and DOH applied the Most
Probable Number (MPN) method to analyze the marine water
samples. Simultaneously, FB levels in surrounding rivers,
tributaries, creeks, and coastal stormwater outfalls have been
assessed by the Washington Department of Ecology (Ecology),
Whatcom County, and Lummi Tribe at distinct sampling
frequencies. In this study, monitoring data from the Nooksack
River downstream station (SW118) and other major freshwater
streams - including the Lummi River, Squalicum Creek, Whatcom
Creek, Padden Creek, and Chuckanut Creek - along with 10 coastal
stormwater outfalls near Portage Island and Hermosa Beach on the
Lummi Peninsula, were synthesized to estimate FB loading
(Figures 1b, c). The methodology for this estimation is detailed in
Section 2.4.

2.2 Hydrodynamic model setup

The Salish Sea Model (SSM) was developed using an
unstructured grid framework with Finite Volume Community
Ocean Model (FVCOM) (Chen et al., 2003) for hydrodynamics
and CE-QUAL-ICM for biogeochemical components (Kim and
Khangaonkar, 2012). It has been applied for numerous Salish Sea
regional studies, including inter-basin circulation and transport,
sensitivity of hypoxia to nutrient pollution and toxics
contamination (Khangaonkar et al., 2017, Khangaonkar et al., 2018;
Premathilake and Khangaonkar, 2022, Premathilake et al, 2025). The
SSM model domain encompasses the Salish Sea basins of Puget
Sound, the Strait of Juan De Fuca, the Strait of Georgia and extends
through Johnstone Strait to the north of Vancouver Island
(Khangaonkar et al., 2018, Figure 1a). The model grid consists of
16012 nodes and 25019 triangular elements, with 10 sigma-stretched
vertical layers and spatial resolution from 250 m near river mouths to
600-1500 m in Puget Sound. The unstructured grid framework
provides the ability to de ne and characterize the complicated
shorelines, better represent bathymetry and incorporate wetting
and drying capabilities in the intertidal environments.

To incorporate hydrodynamic details in the shell sh growing
areas of interest, we re ned SSM grid from ~1500 m resolution to
30-40 m in Portage Bay and 70-100 m in Nooksack intertidal
region, while the rest including Puget Sound and Georgia Basin
regions of the Salish Sea remain unchanged (Figure 1b). The
bathymetry within Bellingham Bay and Lummi Bay regions near
Portage Bay study area was updated with U.S. Geological Survey
integrated 1-meter topo-bathymetric digital elevation data,
NAVD88 vertical datum (Tyler et al, 2020) and is referred to as
SSM-Portage. The original SSM includes 99 wastewater outfalls and
stream ows from 161 watershed streams, including Nooksack
River (Khangaonkar et al., 2017). In SSM-Portage, in addition to
Nooksack River, ve major local rivers (namely Lummi River,
Squalicum Creek, Whatcom Creek, Padden Creek and Chuckanut
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Creek) were included as sources of freshwater (Figure 1b). The ow
rate of Nooksack River is 1-2 orders of magnitude larger than the
other ve streams, indicating dominance of Nooksack River in ow
in Bellingham Bay (Figures 2a, b). The ocean boundary was forced
with non-tidal water surface elevation, temperature, and salinity on
the ocean boundary from Hybrid Coordinate Ocean Model
(HYCOM), and tidal constituents from Eastern North Paci ¢
(ENPAC) tidal database. National Oceanic and Atmospheric
Administration (NOAA) High-Resolution Rapid Refresh (HRRR)
Model provided the air-sea heat uxes inputs for SSM-Portage.
Bellingham International Airport weather station (USW00024217,
48.79390 N, 122.53720 W) collects daily rainfall data (Figures 1b,
2c—e). Although precipitation is not directly included as model
input, it would relate to FB loadings and pollution events which will
be discussed in the later section.

2.3 Fecal bacteria kinetics

The biogeochemical component (CE-QUAL-ICM) of SSM s
externally coupled with FVCOM (Kim and Khangaonkar, 2012)
and updated to include a fecal bacteria (FB) fate and transport
kinetic module (SSM-FB). In this study, SSM-FB simulates fecal
coliform, the target FB indicator, as a reactive tracer that undergoes

rst-order decay in the water column due to changes of
temperature, salinity and solar radiation. Additional Kinetics
explored in previous studies (e.g., Liu et al., 2015; Chen and Liu,
2017), such as (a) FB growth and attachment to suspended particles,
(b) FB settling and resuspension, have not been included due to the

10.3389/fmars.2026.1738321

lack of calibration data needed to parameterize the subscale
processes of such kinetics. The dynamic decay rate k for FB is
calculated as a function of water salinity, temperature, and solar
radiation, following Gao et al. (2015) as below.

k(l, S, T) = (k, + bS p ail(t))q(T Topt)

where.

k, = Darkness condition decay rate at T, (0.4/day).

b = Salinity sensitivity factor (0.02).

a; = Light sensitivity factor (0.00824 cm?/cal).

I = Temporally varying light intensity, Irradiance (cal/
cm?/day).

S = Salinity (psu).

T = Temperature ( C).

g = A dimensionless temperature correction constant (1.05).

Topt = Optimum temperature for maximum decay rate (20 C).

Water column salinity and temperature in the calculation are
acquired from SSM-Portage hydrodynamic simulation, while the
irradiance is computed internally in the biogeochemical model
(based on kinetics implemented in CE-QUAL-ICM) (Cerco and
Cole, 1993). In general, with increasing salinity, temperature and
solar radiation, FB will decay at a faster rate.

2.4 Fecal bacteria loading estimate

Year 2021 was selected as the target year for the simulations
based on the pronounced ooding events that occurred in
November accompanied by high levels of FB observed at the
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monitoring sites. Estimating FB loading (i.e. fecal coliform in this
study) from rivers and coastal stormwater outfalls along Portage
Bay is challenging since it in-situ sampling and subsequent
laboratory culture is laborious compared to sensor-based data like
temperature and salinity. For example, a total of 65 data records
were available at SW118 of downstream Nooksack River for the
year 2021, and the data record is even less in the other ve rivers. To
compensate for this limitation, we generated daily FB inputs from
all the rivers by linear interpolation/extrapolation from the
observation data (Figure 3a). For the Nooksack River, we also
developed a machine-learning based model to predict the daily
FB levels for comparison with interpolation method. From 2007 to
2021, a total of 617 data records of FB concentrations existed at
SW118, with approximately 40 data points per year. A total of 14
hydrological and meteorological variables were selected as model
predictors based on previous studies (Zhang et al., 2020; Zimmer-
Faust et al., 2018; Shim and Choi, 2024) and data availability, as
listed in Table 1.

In this study, we selected XGBoost (eXtreme Gradient Boosting)
as a primary predictive model for daily FB concentration estimation.
XGBoost is an ensemble learning algorithm that constructs an
additive series of decision trees, where each successive tree is
trained to minimize the residual errors of the previous ensemble
using a gradient descent framework. It offers several advantages
particularly well-suited to our data features. First, XGBoost handles
nonlinear relationships and interactions among predictors very
effectively — for example, between rainfall, river ow, tidal stage,
and dry-periods — without requiring manual feature engineering of
complex interaction terms or transformations. Second, XGBoost

800

——— XGBoost prediction — *

600

400

(cfu/100mL)

B
)
o
S)

OBS + Linear interpolation

10.3389/fmars.2026.1738321

handles missing feature values well (in covariates) and can tolerate
noisy and skewed target distributions. Third, XGBoost tends to give
strong predictive performance even when sample size is moderate
(tens to low hundreds of observations), especially if the covariate set is
rich and captures forcing variables. Several recent studies have
successfully applied XGBoost to water quality modeling, including
estimation of fecal coliform concentrations in river systems (Wang
et al., 2022; Nafsin and Li, 2023; Suh et al., 2024). These studies
showed XGBoost may outperform alternative machine learning
approaches such as Random Forests, support vector machines, and
neural networks, providing higher predictive accuracy while also
offering improved interpretability through feature importance and
explainable Al tool.

We trained an XGBoost regression model on FB observations
from 2007-2020 and applied it to generate a continuous daily time
series for year 2021 using the corresponding covariates. Unlike many
previous studies, no log transformation was applied to FB or river
discharge, as our goal was to preserve values on the original scale to
better capture the magnitude of extreme contamination events that
drive management actions (Jeamsripong and Atwill, 2019). By
retaining the raw scale, the model avoids biasing predictions
toward ambient conditions and enhances accuracy in the high-
value range most relevant for shell sh bed closures decision
making. The model generally captured daily FB patterns consistent
with observations, although it occasionally underestimated extreme
peak events (Figure 3a). Feature importance was assessed using the
gain-based importance scores from the trained XGBoost model,
which measure the relative contribution of each predictor to reduce
the prediction error across the ensemble of decision trees. The
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TABLE 1 Variables as predictor in XGBoost model and their data sources.

10.3389/fmars.2026.1738321

Type NET[E Description Source
ow Nooksack River ow rate (m%s) when FB sampling happened Nooksack River at Ferndale, WA, USGS-12213100
ow-6h Flow rate 6 hours before sampling
ow-12h Flow rate 12 hours before sampling
ow-24h Flow rate 24 hours before sampling
. . . . Bellingham International Airport, WA, NOAA-
Hydrologic rain Daily rainfall (mm) on the day when FB sampling happened UeSW30324217te ationa port ©
rain-24h Cumulative rainfall over the past 24 hours
rain-48h Cumulative rainfall over the past 48 hours
rain-72h Cumulative rainfall over the past 72 hours
dry-5d Number of days with no rainfall during the past 5 days
dry-10d Number of days with no rainfall during the past 10 days
Climatic wtemp Nooksack River water temperature ( C) Same USGS source
Seasonal doy day of year
tide-height Tidal elevation when FB sampling happened
Tidal tide-stage Tidal stage when FB sampling happened: this is categorical feature, with =~ NOAA tide station at Cherry Point, WA
-2=low tide, -1=ebb tide, 1= ood tide, 2=high tide

XGBoost model indicated that cumulative rainfall over the past 48
and 72 hours, Nooksack River ow at the time of sampling, and water
temperature were the dominant predictors of FB concentrations
(Figure 3b). This underscores the role of hydrological transport
processes in delivering fecal bacteria to the estuary, while the
importance of water temperature highlights environmental
conditions that may affect bacterial survival and growth.

To evaluate XGBoost model skill and enable a fair comparison with
linear interpolation model to predict FB loading, we implemented a
cross-validation framework based on random withdrawal of 20% of the
available observations, which were withheld from model training and
used exclusively for validation. Linear interpolation was performed
using only the remaining 80% of the data and evaluated at the withheld
timestamps. Model performance was quanti ed using root mean
square error (RMSZE) and the Nash-Sutcliffe ef ciency
(NSE=1 %), assessing predictive skill relative to the
observed m%n as 0a baseline). Under this framework, XGBoost
(RMSE = 76.9, NSE = 0.44) outperformed linear interpolation
(RMSE = 118.1, NSE = 0.32), indicating improved representation
of non-linear and episodic events. Although XGBoost training metrics
(RMSE =8.12, NSE = 0.99) show markedly higher skill than validation
metrics re ecting partial over tting, the model comparison is based on
validation performance. Further reductions in over tting could be
achieved through stronger regularization and validation-based early
stopping in future model re nement. While the present study focuses
on alternative methods in addition to linear interpolation, these
strategies will be explored in future model re nements as additional
data become available.

In addition to Nooksack River, the coastal stormwater outfalls
along Hermosa Beach and Portage Island usually are not considered
as major sources of FB contamination in Portage Bay. Only limited
and sporadic data were available at the 10 coastal stormwater
outfalls of Portage Bay (Figure 4). Water samples were typically
collected only once in selected months, often in conjunction with
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shoreline surveys or stormwater monitoring activities. Stormwater
FB concentrations exhibited high variability, spanning up to four
orders of magnitude, with an extreme value of 7,300 cfu (colony
formation unit)/100 mL observed at site SW037 on September 30.
Elevated concentrations were more frequently detected in June and
September, and values were generally higher along the Lummi coast
compared to the Portage Island coast. Given the limited temporal
resolution, these data were used primarily to characterize potential
point-source discharge events rather than to continuous release.
Therefore, we applied nearest-neighbor interpolation to generate
daily input at these stations, assuming 3 days duration at each
observed FB level while the rest of the time without any FB loading.
A xed value of 0.02 m®/s was set as the ow rate of stormwater
outfalls based on historical reports due to lack of recent
measurement (Lummi Natural Resources Department, 2006).

SW031 16 0.0 1.8
35
SW033 0.6 0.3 0.3
3
SW035 0.3 0.3 . 1.4 -
E
SW037 3.9 25 S
SW039 0.0 0.9 2 %
e
SW023 | 0.3 0.3 1.0 (0.0 1.6 0.9 158
[
o
SW026 0.0 . .
SW027 | 0.0 0.7 12
05
SW028 | 0.6 0.5 1.2 1.3 1.0
]
SW006 | 0.6 0.0 1.0 | 0.0 1.1 0.7 D NaN
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
FIGURE 4
FB levels observed at stormwater outfalls in Year 2021. Only one
measurement occurred per month, which were 1/26, 2/9, 3/23, 4/6,
6/29, 7/27, 9/14 (SWO006, 023, 028), 9/30 (SW031, 033, 035, 037), 10/
12, 12/7 (SW006, 023, 026, 027, 028), 12/14 (SW031, 033, 035, 039).

frontiersin.org


https://doi.org/10.3389/fmars.2026.1738321
https://www.frontiersin.org/journals/marine-science
https://www.frontiersin.org

Ni et al.

2.5 Model application

In addition to FB loading, the setup of SSM-Portage includes
daily concentrations of organic and inorganic nutrients loads from
major gauged rivers using a combination of hydrological and
multiple regression analyses. Ocean boundary values for most
water-quality variables were set based on available climatological
data from a combination of World Ocean Atlas (WOA) and the
Canadian Department of Fisheries and Oceans monitoring database
and empirical regressions to temperature and salinity (Khangaonkar
et al., 2018).

We conducted SSM-Portage hydrodynamic simulation for year
2021 and implemented a detailed characterization of freshwater plume
and analysis of transport time scale, which include (1) freshwater
plume distribution analysis, (2) ushing time analysis over the shell sh
growing areas with numerical dye study, and (3) fate and transport of
tracer from different sources. Furthermore, using FB loading estimates
from different methods, we completed full-year FB simulations in
comparison with DOH monitoring data and conducted further loading
sensitivity analysis to identify the likely sources of FB contamination
that are either missed or not characterized.

3 Results

3.1 Hydrodynamic model validation and
freshwater plume analysis

Water quality conditions at 12 marine stations were regularly
monitored to serve as indicators for the shell sh growing area
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classi cation (Figure 1c). We conducted site speci ¢ validation of
the SSM-Portage hydrodynamic model using temperature and
salinity data for year 2021. The root-mean-square error (RMSE)
generally ranged from 1-3 psu for salinity and 1-2 C for
temperature. The seasonal variation of surface salinity at multiple
locations covering the area, i.e. DOHO051 (northern bay close to
Hermosa Beach, Figure 5a), DOHO049 (southern bay close to Portage
Point, Figure 5b), DOHO054 (at the inner Portage Bay, Figure 5c),
DOHO058 (outside sand bar, Figure 5d) fell within the observed
salinity bracket. The model simulated temperature revealed tidal
uctuations in the intertidal shallow waters, matched well with the
observed data range which proved the model’s capability to
reproduce regional hydrodynamics conditions (Figures 5e-h).

To better understand how currents interact and move
freshwater over the Portage Bay shell sh growing area, the
distribution of freshwater plumes from major rivers was
examined. During January 12-13, the Nooksack River ow rate
was high at 200-300 m%/s and the Whatcom Creek ow rate ranged
from 5-8 m®/s as the second largest freshwater contributor
(Figures 2a, b). This period also coincides with the spring tidal
cycle with a tidal range of 4.5 m inside the Portage Bay, which
conditions were ideally suited for a large freshwater plume. During
the ood tide, the ood current pushed freshwater plume from the
Nooksack River towards the river mouth; however, along the east
coastline of Lummi Peninsula, the ood current directed the plume
away from Nooksack delta bringing freshwater into the Portage Bay
(Figure 5i). During the high tides, freshwater in Portage Bay could

ow over the Portage Split towards Hale Passage; however, the
Portage Spit prevented water from owing across it during low
water (Figure 5i). During the ebb tide, a large freshwater eld can be
seen in inner Bellingham Bay with a sharp freshwater plume

)Jan.— flood (k)Aug—flood ~ “Nooksack R.

Nooksack R.

Salinity (psu)

2oz N
Salinity (psu)

S Brant Split

Nooksack R. (1) Aug.— ebb Nooksack R.

<
%

*

Salinity (psu)

&
»
Ny

& .

N

4 u
y

Portage

Split

(a—h) Validation of model simulated surface salinity and temperature at selected DOH stations in Year 2021; simulation of freshwater plumes in
Bellingham Bay at ooding (i, k) and ebbing (j, I) stages during spring tide in January (i, j) and neap tide in August (k, ).
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boundary near Lummi Peninsula where the freshwater plume of
Nooksack River met saline water in Portage Bay driven by ebb
currents (Figure 5j). The freshwater plumes of other rivers, e.g.,
Lummi River, Squalicum Creek, Whatcom Creek, were mostly
con ned to their river mouth areas and unlikely to in uence
Portage Bay signi cantly (Figures 5i, j).

During a neap tidal cycle on August 28-29, the Nooksack River
ow rate was at a low level of 25-35 m*/s and the Whatcom Creek
ow rate dropped to a level of 0.5 m*/s (Figure 2a). Compared to the

January high ow period, the Nooksack River freshwater plume was
generally limited to the Nooksack Delta area with weaker in uences
on Portage Bay area (Figures 5k, I). The Brant Island and Brant Split
acted as natural barriers for fresher water from Nooksack River
mouth into the west Portage Bay during the ood tide and affected
the water exchange ef ciency in that area.

3.2 Numerical dye release study

Flushing time—an indicator of how long water and associated
pollutants remain within a domain—re ects the ef ciency of water
exchange through open boundaries. Instantaneous dye-release (at
initial concentration=1 mg/L) simulations were conducted to
evaluate ushing characteristics of Portage Bay under high- ow
and spring tide (HS) and low- ow and neap tide (LN) conditions.
The bay exhibited rapid renewal, with e-folding ushing times of ~2
h during HS and 17 h during LN, and more than 90% of dye
removed within 25 h under strong circulation (Figures 6a, b).
Intertidal zones showed e-folding ushing times (~30 h) due to
tidal re-entrainment, and retention hotspots persisted along
Hermosa Beach and the eastern bay during LN (Figures 6¢, d).
Overall, Portage Bay functions as an open, dynamic system with

10.3389/fmars.2026.1738321

contaminant ushing times typically ranging from 1-3 days
depending on hydrodynamic forcing.

In addition to ushing time analysis, numerical dye simulations
were conducted to directly examine the transport of passive tracers
from riverine and point-source inputs into Portage Bay. A passive
dye with an initial concentration of 1 mg/L was continuously
released for two days from the Nooksack River under two
contrasting conditions: an extreme ood on November 15, when
discharge exceeded 1,000 m /s, and a low- ow period on August 29
(Figure 2a). Approximately 24 hours after the initial release from
Nooksack River end, the tracers reached Portage Bay, where
concentrations increased rapidly throughout the bay (Figure 7).
Within 72 hours, most of the dye had been ushed from the broader
Bellingham Bay system, leaving only residual low concentrations
(<0.1 mg/L) retained along the Lummi Peninsula coast). During the
low- ow period on August 29, dye transport was largely con ned to
the Nooksack River mouth, with only limited dispersion into
Portage Bay (Figure 8). Detectable tracer concentrations of 0.1—
0.2 mg/L appeared mostly in shallow intertidal areas, while most of
the bay remained at near-background levels.

The time series plot of maximum, minimum and median dye
concentration of Portage Bay with Nooksack dye releases exhibited
the differences in timing and distribution of transport to Portage
Bay: during the high- ow period, dye concentrations in Portage Bay
were broadly elevated, with a median of ~0.2 mg/L and maxima
>0.6 mg/L, indicating strong river in uence across most of the bay.
In contrast, during the low- ow period the median dropped below
0.03 mg/L, with maxima only reaching 0.2 mg/L, showing that
detectable dye was limited to shallow intertidal zones with minimal
impact on the wider bay (Figures 9a, b). Dye releases from other far-

eld sources, including the Lummi River and Whatcom Creek on
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Distribution of depth-averaged dye concentrations after initial release from Nooksack River on November 15 extreme ooding. Dye was released at
1 mg/L from November 15 0:00 to November 16 0:00 then linearly declined to O mg/L on November 17.

the west and east sides of Portage Bay, had minimal impact on the
bay, with concentrations at 2—4 orders of magnitude lower than
those from Nooksack River releases, regardless of river ow
(Figures 9c, d). To evaluate potential impacts from of sewage
over ow incident, we simulated dye release from the Post Point
WWTP during reported over ow events: 9 million gallons of raw
sewage over 7.5 hours on November 28, and a 30-hour over ow on
November 14-15 (Figure 1b). A model scenario releasing dye at 1
mg/L with 1.3 m®/s discharge rate for two days from November 15
also showed minute response of Portage Bay to the release. These
results indicate that discharges from distant rivers and point sources
have negligible in uence on Portage Bay, with minimal tracer
retention or spread across the bay.

In contrast, dye release from Portage Bay stormwater outfall
SWO035 had negligible impact on Portage Bay stations under typical
conditions (1 mg/L at 0.02 m /s) compared to the Nooksack River.
However, a high-loading scenario under extreme stormwater discharge
event (20 mg/L at 0.1 m /s) produced substantial local impacts at
nearshore waters close to the outfall, with concentrations comparable
to or exceeding those from Nooksack River release (Figure 9f). These
results suggest that shoreline discharges along Lummi Peninsula and
Portage Island can exert signi cant local in uence under extreme
loading conditions, which will be further addressed in the discussion.
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3.3 Fecal bacteria simulation

Based on the linear interpolation estimates of daily FB discharge
from Nooksack River and discharges from other major rivers and
coastal stormwater outfalls, the results from SSM-FB simulations
generally matched the levels of observed FB concentrations at
Portage Bay DOH stations (Figure 10). The root-mean-square
error (RMSE) generally ranged from 2 to 9 cfu/100mL at most
stations, which is small compared to shell sh harvesting standard
(geometric mean of 14 c¢fu/100mL and 90'" percentile value of 43
cfu/100mL) (NSSP, 2023). Model had better performance for the
stations further off the coastline (e.g., DOH052, DOH053, DOH057
and DOHO058) than the stations along Hermosa Beach (e.g.,
DOHO050 and DOHO051). The model simulation shows much
higher uctuations of FB concentration with dynamic in uences
from tide, wind, and river discharge, which cannot be suf ciently
represented by the observation data due to limited sampling
frequency. Although the current modeling framework did not
incorporate complex FB Kkinetics, such as interactions with
sediment and organic matter due to the absence of relevant
observation data, the FB module in this study is well-suited for
application in fast- ushing systems with limited wind fetch like
Portage Bay.
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FIGURE 8

Distribution of depth-averaged dye concentrations after initial release from Nooksack River on August 27 during low ow period. Dye was released
at 1 mg/L from August 27 0:00 to August 28 0:00 then linearly declined to O mg/L on August 29.

The existing DOH monitoring data in Year 2021 was mostly
collected on a regular monthly basis (no sampling in November and
December except for DOHO050), many of which coincided with
ambient FB levels in the bay, with general low values from 0 to 10
cfu/100mL (Figure 10). The model simulated FB peaks in the Portage
Bay generally followed the timing of high FB levels at Nooksack River,
verifying the dominant in uence of Nooksack River discharge
(Figures 3a, 10). In particular, the timing, duration, and magnitude
of high FB event in late March was successfully reproduced by model
simulation at DOHO050. However, model missed two observed large
FB events at DOHO050 in mid-September and November, which
reached up to near 300 cfu/100mL.

In addition, we conducted full-year FB simulation using
Nooksack River daily loading predictions from the XGBoost model.
This dual approach was used to test the sensitivity of target FB
simulation over shell sh beds to different loading estimate approach.
Comparisons with DOH monitoring stations showed that
simulations driven by XGBoost input produced higher FB
concentrations during winter months but missed several observed
spring/summer peaks and introduced additional peaks not captured
by the marine monitoring in Potage Bay. These differences
underscore uncertainties in representing FB loading and will be
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addressed in the discussion section. For clarity in the following
analysis, the two full-year simulations are hereafter referred to as
the “Linear-interpolated Run”, based on linear interpolation of daily
Nooksack River FB discharge, and the “XGBoost Run”, based on daily
FB loading predictions from the XGBoost model.

4 Discussion

4.1 Identi cation of potential missing
sources of fecal bacteria

In addition to regular monthly monitoring, additional samples
were collected at DOH050 during late March in conjunction with a
time-series sampling of the Nooksack River at SW118 (Figures 3a,
10). Similar coordinated sampling happened at DOHO050 on
September 14, 18 and 20, following the storm sampling at SW118
on September 13-15 and 20 with high FB levels and signi cant rain
events in the previous 48 hours recorded by Bellingham
International Airport Weather Station (Figure 2d). Water samples
at all 12 marine monitoring stations were collected on September
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