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Predicting peak microbial pollution events in downstream coastal bathing waters caused by combined sewer
overflows (CSOs) is essential for protecting public health. In urban areas, wastewater effluents, CSOs, and surface
runoff can contribute to elevated microorganism loads to downstream waters. These pressures are likely to be
intensified by growing population density and more frequent heavy rainfalls due to climate change. This study
developed a process-based model to simulate Escherichia coli (E. coli) emissions, transport, and fate from the
initial sources to coastal beaches. A three-year retrospective simulation (2017-2019) shows that E. coli con-
centrations in CSO discharges varied widely across the catchment (4.6 — 7.3 (logio CFU 100 ml™)). 99th
percentile E. coli concentrations (4.0 (logio CFU 100 ml™1)) at the inland water outlet were dominated by local
CSO emissions, whereas 90th percentile E. coli concentrations (3.6 (log;o CFU 100 ml’l)) reflected cumulative
upstream contributions from both CSO and effluent emissions. With the simulation accuracy of 89%, the model
reliably reproduced the E. coli dynamics on the downstream beach and showed strong performance in repre-
senting peak concentrations based on Complementary Cumulative Distribution Function (CCDF) analysis. The
process-based model enables quantitative tracking of source contributions and identification of pollution hot-
spots, providing support for mitigation measures. The study lays down a source-to-sea modelling framework for
representing pollution transport across the aquatic continuum and provides a transferable tool for microbial
pollution forecasting and climate adaptation planning.

1. Introduction increased hydraulic loading on existing combined sewer systems, many
of which were initially designed for much smaller populations. As a
result, the frequency and magnitude of CSO events have increased,

leading to increased pollutant discharged to receiving waters (Perry

In the past half-century, spending leisure time on beaches during
bathing season has increased in popularity (Grace et al., 2023). This

requires a sufficient water quality for recreational purposes to ensure the
health of bathers. However, the population and urban density along the
coast are high and continue increasing (Barragan and De Andrés, 2015;
Cosby et al., 2024), which poses a threat to the coastal environment.
Microbial pollution from domestic and industrial wastewater can
degrade water quality and increase health risks for bathers in adjacent
beaches (Al Aukidy and Verlicchi, 2017). These risks are likely to in-
crease in the future as climate change intensifies the frequency of heavy
rainfall events (Derx et al., 2023; Semenza, 2020; Sterk et al., 2016).
Across Europe's ageing wastewater infrastructure (EurEau, 2016),
urban expansion, population growth, and rising standards of living have
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et al., 2024). In addition to the domestic flow, increases in heavy rain-
fall frequency driven by climate change (Mohammed et al., 2021; Nie
et al., 2009) and expansion of impermeable urban surfaces (Salerno
et al., 2018), have increased the stormwater contribution to waste-
water in combined sewers, thereby increasing CSO frequencies and spill
volumes (Perry et al., 2024). Quantitative microbial risk assessment
results (Sterk et al., 2016) indicated that infection risks in recreational
waters downstream of CSOs are likely to rise in the future as a result of
these combined social and climatic pressures.

Due to short timescale fluctuations in CSO discharge and microor-
ganism concentrations, as well as the need for rapid event-based
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sampling, direct measurements of microorganism concentration during
peak microbial pollution events are rare (Botturi et al., 2021). Addi-
tionally, monitoring microorganism transport across the entire water
continuum — from sewer systems to coastal bathing waters — with
sufficient frequency for early warning and water management purposes
is costly and impractical. Therefore, using process-based models to
simulate microorganism emission, fate, and transport throughout the
initial sources to the ultimate receiving waters (so-called source-to-sea
system) is an efficient and cost-effective solution for microbial pollu-
tion prediction in bathing waters (Lam and Ahmadian, 2024; Vermeulen
et al., 2015; Zhang et al., 2018).

Most process-based models are applied at catchment scales and pri-
marily focus on rural areas (Bougeard et al., 2011). Only a limited
number of models have been implemented for real-time forecasting
purposes in urbanised recreational waters (van der Meulen et al., 2024).
Among these, emissions from CSOs are often neglected (Islam et al.,
2018) or estimated using a simplified linear regression relationship
between the microbial load and total CSO discharge (Locatelli et al.,
2020; Ouattara et al., 2013; Thorndahl et al., 2024). To account for
the complexity of CSO emissions and improve the simulation of peak
pollution events in bathing waters, a modelling framework incorpo-
rating detailed sewer system representations and high-resolution rain-
fall inputs is required (van der Meulen et al., 2024).

Besides, the connection between upstream inland waters (Inland
water means waters within the coastal boundary line) and downstream
coastal waters is often overlooked in most existing models (Bravo et al.,
2017; Chan et al., 2013; Eregno et al., 2018; Penna et al., 2023). As a
result, the connections between upstream sources and coastal waters
remain unclear. During transport from inland waters to the coast,
various environmental factors continuously modify pollutant concen-
trations and distributions. Since the current modelling frameworks do
not represent the hydrological and water quality continuity between
inland and coastal waters, achieving systematic future projections of
microbial pollution impacts remains challenging.

To quantify microbial pollution originating from short-term CSO
events and its’ impacts on the water quality of downstream coastal
recreational waters, this study develops a generic source-to-sea model-
ling framework for predicting and projecting peak microbial pollution
events across the aquatic continuum. The modelling framework in-
tegrates: 1) a coupled rainfall-runoff (RR) and emission model with
detailed sewer representation to calculate E. coli pollution from
sewerage; 2) a coupled hydrology and water quality model, and 3) a
coupled hydrodynamic and water quality model to calculate the dilu-
tion, fate and transport of E. coli in inland surface waters and coastal
waters, respectively. Unlike previous studies that focus on individual
components of the system, the framework explicitly links microbial
pollution emissions, inland transport processes, and coastal dynamics
within a single modelling chain. Particular emphasis is placed on the
validation of peak pollution events. In addition to conventional overall
goodness-of-fit metrics, the ability of the model to reproduce peak
events is evaluated against sit-specific E. coli monitoring data using
complementary cumulative distribution functions. This comprehensive
model validation can support both real-time forecasting and future
climate change impact assessments, with applications to early warning,
water quality management, and long-term adaptation planning.

2. Methodology
2.1. Study area

The Netherlands is situated in the delta of the Rhine and Meuse
rivers, with extensive areas located below mean sea level. The Dutch
‘polder-boezem’ systems regulate inland water levels by pumping excess
water from low-lying sub-catchments (polders) into canals (boezems)
and ultimately discharging it to the sea (de Graaf et al., 2009; Van der
Brugge et al., 2005). Rijnland Waterboard (Hoogheemraadschap van
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Rijnland) manages its inland water network with a total area of 1100
km? (Fig. 1a) and a population of 1.3 million. The system contains 17
wastewater treatment plants (WWTPs) and is hydraulically connected to
the Rhine River, the North Sea, and neighbouring waterboard systems
through five controlled hydraulic connections (Fig. 1b). Downstream of
the inland water system is Katwijk (Fig. 1c), where the beaches are
negatively influenced by WWTP effluents and CSOs (Belinda et al.,
2016; Ing and der Meulen, 2007; Mattijs et al., 2008; Peter et al., 2023).

2.2. Coupled model setup

2.2.1. 1D inland water model

The inland hydrological model, consisting of a comprehensive urban
drainage and sewer system and a detailed surface water network, was
developed based on the Sobek 2 Suite. SOBEK 2 Suite is widely used for
inland water quantity and quality studies, such as modelling salt intru-
sion in the Rhine-Meuse delta (Prinsen and Becker, 2011; Prinsen et al.,
2015). The inland hydrological model consists of a rainfall-runoff
component for sub-catchments (RR connections) and a flow compo-
nent for canal networks (Fig. 1b). The rainfall-runoff component is a
conceptual hydrological module that simulates runoff generation,
infiltration, groundwater storage and drainage, evaporation and water
exchange between saturated and unsaturated zones based on storage
concepts and process-based flux calculations at sub-catchment scale.
The generated runoff is subsequently routed through the canal network
by the SOBEK 1DFLOW solver based on the one-dimensional Saint--
Venant equations (Deltares, 2026).

The RR model is coupled with the D-emissions model, which calcu-
lates pollutant fluxes from various sources to surface water via different
pathways (Deltares, 2023). In total, 808 sub-catchments contribute
E. coli emissions to the canal network (Fig. 1). These sub-catchments are
represented by four land use types: paved areas, unpaved areas, local
surface waters, and WWTPs (Fig. S2).

Paved areas are characterised by their number of inhabitants, water
consumption per capita, sewer capacity, and connections to WWTPs.
Stormwater on the paved areas either flows overland to nearby local
surface water or is collected by the sewer system and conveyed to the
corresponding WWTPs. When sewage flow exceeds the sewer capacity, a
CSO occurs at the connection between the sub-catchment and the canal
network, discharging to the canal. Runoff from unpaved areas flows to
groundwater and downstream local surface water. Local surface water
receives rainfall directly and as runoff from paved and unpaved areas.
Water management structures control water flow between local surface
waters and canal networks to stabilise water levels (Fig. S2).

Given the high level of urbanisation in the study area, the main
pollution source of the emission model is domestic wastewater (Servais
et al., 2007). The E. coli concentration in CSO and effluent discharge at
each timestep (10-min interval) is calculated in the model as follows

pcLi, x Inh x 10000
Inh x Qdomesric + Qcol_storm) x 86400

€Y)

Crccso = (

x 107HRY 2)

. - pcLin x Inh x 10000
EC.ffluent = (Inh X Qdomestic + Qcol,storm) x 86400

where, Cgccso and Cic effiuens (CFU 100 ml™h represent the E. coli con-
centration in CSO and effluent discharge, respectively, Quomesic and
Qeol_storm TEPTEsent the water consumption per capita (m® cap’1 s and
collected stormwater discharge (m® s™1), respectively. Inh (cap) is the
number of inhabitants on the paved area. pcL;, is a constant per capita
emission rate (CFU cap ™' d~1). LRV represents the E. coli log removal
value of WWTPs. The factors 86400 and 10000 are unit conversion
constants, corresponding to seconds per day and cubic meters to 100 mL,
respectively.

Here, pcL;;, and LRV are set as 3.61 x 10'° CcFU cap’1 d~! and 2.05,
respectively (van Heijnsbergen et al., 2022). Observations at the
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Fig. 1. The coupled model domain. (a) Location of the study area. (b) Model domain with Rainfall-runoff (RR) connections, cancel networks, WWTPs and boundaries
of the inland water system, monitoring stations for seawater temperature, salinity and suspended sediment (white circles), and a meteorological site for precipitation
input (cyan diamond). Hourly discharge time series used as boundary conditions at these boundaries are shown in Fig. S1. (c) Locations of the E. coli monitoring
stations at the beach and the inland water outlet. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of

this article.)

Dutch-German border (van Heijnsbergen et al., 2022) show that LRV
decreases from 3.05 to 2.05 as influent water volumes increase,
reflecting a reduced treatment performance under higher hydraulic
loading. We therefore adopt 99.1% as a conservative assumption for wet
weather conditions.

E. coli load from CSOs (Lgccso) is influenced by sewer capacities
(Viull_capacity» rn3) and the current water volume in the sewer (Viewer:_1,
m3):

Lec.cso = Qcso x Ciccso 3

in inland waters was excluded due to insufficient data on sediment dy-
namics. Time series observations of temperature and radiation at De Bilt
(52°05'56.0"N 5°10'46.9'E) are from the Royal Netherlands Meteoro-
logical Institute (https://dataplatform.knmi.nl/dataset/). The long-term
average monthly DOC concentration dynamics without spatial varia-
tions are calculated based on the observations of 90 stations spread
across the whole of Rijnland area, from the Waterkwaliteitsportaal (http
s://wkp.rws.nl/downloadmodule), and are applied to calculate the UV
extinction coefficient (following the approach as described in Wang
et al., 2025).

2.2.2. 3D coastal water model

Viewert—1+ (Il’lh X Qaomestic + Qcolgorm,t — Quut,t) x At— Vﬁzllmpmty)

Qcso=max <0, At

4

Qour and Qcso represent sewer outflow discharge m® s™H and CSO
discharge (m3 s™1), respectively. These are calculated by the RR model
based on precipitation input. Model inputs on the locations of effluents
and CSO outfalls, inhabitant distribution, sewer capacity and connec-
tions between WWTPs and paved areas were provided by the water
board. The meteorological inputs, including 10-min precipitation data
and hourly evaporation data, were downloaded from the Royal
Netherlands Meteorological Institute website (https://dataplatform.
knmi.nl/dataset/) at Schiphol (Fig. 1b).

After receiving water discharges from the RR connections, the flow
velocities and directions in the canal network were calculated based on
the water balance. Five hydraulic boundaries (Fig. 1b) control water
exchange between the studied inland water system and adjacent water
bodies. Hourly discharge data, measured at these stations by the
waterboard, were used as model boundary conditions (Fig. S1), while
hourly water level observations within the canal network were used for
hydrological model validation (Fig. S3).

The dilution, fate and transport of E. coli in the canal network are
simulated by the water quality model, which considers E. coli die-off
driven by temperature, salinity, and UV radiation, and sediment in-
teractions, including attachment, detachment, sedimentation, resus-
pension, and hyporheic exchange (Wang et al., 2025). Details of the
process equations and parameter values are provided in the SI text and
Table S1. However, interaction between E. coli and suspended sediment

The 3D model for coastal waters (Fig. 1b) is nested within the Dutch
continental shelf model (DCSM), which is developed based on the
Delft3D FM Suite 2D3D (Deltares, 2022). Delft3D FM solves the shallow
water equations on an unstructured (flexible) mesh and forms the hy-
drodynamic core of the DCSM, an advanced 3D model for the compu-
tation of water level, current, salinity, temperature, sediment, and water
quality in the greater North Sea (Grasmeijer et al., 2022; Zijl et al., 2021;
Zijl et al., 2015). The 3D coastal model covers an area 20 km north and
south of the inland water outlet (pumping station; Fig. 1c) along the
coastline and 20 km offshore (Fig. 1b). The spatial resolution is
approximately 200m. The computational timestep of the model is 1 h.

The hourly open boundary conditions for hydrodynamics, including
temperature, salinity, water level, and velocity, are provided by the
DCSM model. Hourly meteorological inputs are from ERA5 (https://cds.
climate.copernicus.eu/datasets). The water quality model in the 3D
coastal model is the same as the 1D inland model, but adapted to 3D
simulations. To calculate the interaction with sediment, we use the
weekly dynamics of suspended sediment concentration on the bound-
aries from (Beyaard et al., 2025). The temporally varying DOC con-
centration input is the average value of observations from three
monitoring stations (NW_1, NW_2, NW_3, Fig. 1b) from the MWTL
monitoring programme of Rijkswaterstaat (https://waterinfo.rws.nl/).
The temperature and salinity validation data are from the same moni-
toring programme. The E. coli monitoring data from the north and south
stations on the beach (Fig. 1c) are from the National Georegister
(https://www.nationaalgeoregister.nl/).
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2.3. Model validation

2.3.1. Traditional validation

The coupled model simulation covered three years from 2017 to
2019, as the E. coli observations on the beach indicate high microbial
pollution in these years (Fig. S4). The model performance in simulating
inland water levels and water temperature, salinity, suspended sediment
and E. coli concentration in coastal waters is evaluated by comparing
with observational data. The metrics for validation are Root Mean
Square Error (RMSE), normalised Root Mean Square Error (normalised-
RMSE), and coefficient of determination (R?).

2.3.2. Policy-oriented validation

In addition to the traditional model validation metrics, a policy-
oriented validation was conducted to indicate whether or not events
exceeding the regulatory threshold were simulated correctly. We
established a binary classification of positive (>500 CFU 100 ml™) and
negative (<500 CFU 100 ml~1) based on the threshold introduced by the
European Bathing Water Directive (EU, 2006) for the long-term suffi-
ciency of coastal bathing waters. Model performance in detecting
pollution events was then described as true or false by comparing
simulated and observed classifications. The statistics were calculated
from the confusion matrix, which summarises the number of simulated
classes and observed classes. Simulation accuracy rate is represented by
the diagonal of the matrix:

True positives + True negatives

N x 100%

Simulation accuracy rate =

Where N represents the total number of predictions compared to truth
values. True positives and true negatives represent correctly predicted
exceedances and non-exceedances, respectively.

To represent the model performance for accurately predicting
pollution events, we additionally calculate the alarm accuracy rate:

True positives
(True positives + False negatives)

Alarm accuracy rate = x 100%

Where false negatives represent cases where the observations indicate
exceedance of the threshold, but the model fails to reproduce that.

2.3.3. Validation of the upper tail behaviour of the empirical distribution

The empirical complementary cumulative distribution function
(CCDF) represents the probability that a concentration exceeds a given
value and is commonly used in microbial risk assessment (Smeets et al.,
2010). In this study, CCDF curves were constructed for both observed
and simulated E. coli concentrations to compare their upper tail proba-
bilities. To represent independent and identically distributed (i.i.d.)
randomness and ensure a sufficiently large sample size, we collected
observational samples at biweekly intervals from a longer period (2009
— 2024) as input. Given that the observational dataset during the
simulation period does not adequately capture the upper tail of the
distribution and the comparison focuses on distributional properties
rather than temporal correspondence, the observations and simulation
results with different time frames should be comparable.

2.4. Contributions of E. coli pollution sources

To identify the contributions of different E. coli pollution sources, the
relative contributions of CSOs and effluents were calculated for periods
when the E. coli concentrations at the inland water outlet exceeded the
90th percentile and 99th percentile thresholds. These ratios were
derived using simulated E. coli loads from four effluents and eight CSO
outfalls close to the beach.
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3. Results and discussion
3.1. Evaluation of model performance and application

Downstream discharge is a commonly used metric for hydrological
model validation. However, in this study, the 1D hydrology model in-
corporates a substantial proportion of pressurised flow, due to the
characteristics of the Dutch surface water system. Consequently, water
level dynamics are more representative for model validation than water
discharges. The annual average observed water level in the canal
network was approximately 3.36m relative to the canal bottom and
—0.64m relative to the mean sea level, which is well reproduced by the
model simulation (Fig. S3). The RMSE and normalised RMSE values of
hourly water levels indicate that the 1D model provides reliable hy-
drology prediction (Table 1).

The 3D hydrodynamic model performance was validated by tem-
perature (Fig. S5) and salinity (Fig. S6). Validation results indicate a
strong model performance in the hydrodynamics simulation (Table 1).
In contrast, model performance for suspended sediment was weaker;
however, the model still captured the overall seasonal variability
(Fig. S7).

The model validation of E. coli concentrations at the beach using
standard statistical metrics, with an R? of 0.51 and RMSE value of 0.64
(logio CFU 100 ml™) (Table 1), indicates an acceptable model perfor-
mance. Process-based models are more commonly applied to rural
catchments than urban systems for E. coli simulation. Urban watersheds
have more complex wastewater and stormwater infrastructure and
highly variable sources of E. coli compared to rural catchments, resulting
in a lower predictability of E. coli (Chen and Chang, 2014; van der
Meulen et al., 2024). In contrast, data-driven models have demon-
strated strong performance in microbial pollution forecasting. R? values
for state-based Bayesian, linear regression and random forests models
range from 0.07 to 0.42 (Seis et al., 2024). RMSE values from the 3
corresponding data-driven models, trained on low-frequency sampling
data without peak events, range from 0.58 to 1.01 (log;o CFU 100 mI™})
(Seis et al., 2024), while models trained on high-frequency sampling
data yield RMSE values in a range of 0.33 - 1.32 (logyo CFU 100 ml1™1)
(Searcy and Boehm, 2021). Overall, the performance of the coupled
process-based model in this study is good compared to data-driven
models.

Policy-oriented model validation was assessed using simulation ac-
curacy and alarm accuracy rates. During the bathing seasons across the
simulation period, the microbial water quality at the beach was moni-
tored on 95 days, of which 85 days were correctly classified by the
model (Table 2), yielding a simulation accuracy rate of 89%, which is
comparable with the reported data-driven models (90 - 96% for
Bayesian belief network, 56 — 74% for Naive Bayes, 60 - 79% for logistic
regression and 67 — 81% for random forest (Panidhapu et al., 2020)), In
total, observed positives were 28 days, of which 20 days were simulated
positives, resulting in an alarm accuracy rate of 71%. Most missed
alarms correspond to days when simulated E. coli concentrations were
elevated relative to adjacent periods but did not exceed the threshold
(Fig. 2).

Table 1
Indicators for E. coli prediction performance.
RMSE Normalised RMSE ~ R?

Water level 0.12m 3.6% -
Temperature 1.0°C 8.2% 0.98
Salinity 1.9 psu 6.2% -
Suspended sediment 11.5mg 1! 83.9% 0.01
E. coli 0.64 (log;o CFU 100 ml™1) 33% 0.51

*Note: Due to the limited variability in water level and salinity, R? does not
adequately reflect the model's prediction performance. Therefore, scatter plots
were added in Figure S3 and Figure S8 to better illustrate the agreement between
observed and simulated values of these variables.
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Table 2
Confusion matrix for E. coli prediction performance.

Simulated positives Simulated negatives

8 (false)
65 (true)

20 (true)
2 (false)

Observed positives
Observed negatives

The comparison of observed and simulated E. coli ECCDF curves
(Fig. 3) showed that the model reproduced exceedance probabilities
more accurately at higher concentrations (above 200 CFU 100 ml™h
than at low concentrations. RMSE and R? tend to reflect average per-
formance and do not explicitly evaluate the frequency or magnitude of
extreme pollution events. For risk-based water quality assessment, ac-
curate representation of peak E. coli concentration and exceedance
probabilities is critical. This limitation is therefore well addressed by
using CCDF analysis in our study.

5.0
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3.2. Understanding of E. coli dynamics

3.2.1. Variability and sources in the inland water system

Simulated E. coli concentrations and loads at the inland water outlet
(Fig. 4) revealed several peaks. Variability in E. coli loads was primarily
driven by variability in concentrations rather than water discharges. The
90th and 99th percentiles of E. coli concentrations at the inland water
outlet were 3.6 and 4.0 (log;o CFU 100 ml’l).

We use the above 90th percentile and 99th percentile exceedances to
analyse the spatial distributions in inland waters. The spatial distribu-
tions of the duration of 90th percentile and 99th percentile exceedances
exhibited different patterns (Fig. 5). The duration of 99th percentile
exceedances shows a fragmented spatial pattern, forming three distinct
clusters in the northern, western and eastern regions. Areas with high
durations of 99th percentile exceedances were concentrated near CSO
outfalls, suggesting that these 99th percentile exceedances were

Simulation result
O  Observation (True simulation)
404 X  Observation (False simulation)
500 CFU100m|"!

o o
l““l i“ ll Ll |

4.5 1

3.5 1
3.0 1
2.5 1
2.0 1
1.5 1

(@)

X

EO O

1.0

2017-05 2017-06

2017-07

2017-08 2017-09 2017-10

5.0
4.5
4.0 o
3.5 -
3.0 1 X

(b)

2.5 1

2.0 1 O

154

A

1.0

1.

2018-05 2018-06

5.0

2018-07

2018-08 2018-09 2018-10

E. coli concentration 10log (CFU/100ml)

4.5 1
4.0
3.5 1
3.0 1
2.5 1
2.0 1 O

154

. ()

O
o O

1.0

2019-05 2019-06

2019-07

2019-08 2019-09 2019-10

Fig. 2. Policy-oriented validation on the beach in 2017 (a), 2018 (b) and 2019 (c). The red line indicates the threshold (500 CFU 100 ml ™) of the EU bathing water
directive. The grey line depicts the modelled E. coli concentrations at the beach. The circles and crosses represent the observed E. coli concentrations, where circles
represent situations where the model correctly predicted whether E. coli concentrations are above or below the threshold (True simulation), and crosses represent
situations where the model did not predict this correctly (False simulation). (For interpretation of the references to colour in this figure legend, the reader is referred

to the Web version of this article.)
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in the north side (a) and south side of the beach (b).

primarily driven by local CSO discharges with limited spatial influence
(Fig. 5a). In contrast, the duration of 90th percentile exceedances
(Fig. 5b) exhibited a broader spatial extent, with additional influence
observed near effluent discharge points.

Over the three-year simulation period, simulated E. coli concentra-
tions in effluents ranged from 2.8 to 5.6 (log;o CFU 100 ml~ ) with an
average of 4.2 (Fig. 5¢). According to a two-year sampling campaign at
11 WWTPs along the German-Dutch border (2022), effluent E. coli
concentrations were reported in a range of 2.66 - 5.77 (logio CFU 100
ml™Y), The simulated E. coli concentrations in this study are in line with
the reported range, supporting the reliability of the model prediction.

The simulated E. coli concentrations in CSOs were approximately two
orders of magnitude higher than those in effluents, ranging from 4.6 to
7.3 (log10 CFU 100 ml™1) with an average of 6.3 (log;o CFU 100 ml™h
(Fig. 5a). Previous studies (Erichsen et al., 2006; Thorndahl et al., 2024)
estimated E. coli concentrations of 6.4 (logio CFU 100 ml™h using a
weighted average of raw wastewater and stormwater contributions in
Denmark. The geometric mean value reported by Servais et al. (2011) in
the Paris area is 6.7 (logjp CFU 100 ml™1). Passerat et al. (2011)
observed the peak E. coli concentrations of 6.8 (log;o CFU 100 ml™)
during the first 30 min of CSO discharge into the Seine River, followed
by a rapid decline to 5.6 (logo CFU 100 ml™1). Similarly, Al Aukidy and
Verlicchi (2017) reported a wide range of E. coli concentration in CSOs
(1 to 7 (log1o CFU 100 ml’l)) based on observations from five outfalls in
northeast Italy. Overall, the simulated average E. coli concentration in
CSO outfalls in this study is in the same order of magnitude as reported
in previous studies, with comparable ranges. Both our simulation results
and previous observations indicate a large variation of E. coli concen-
tration in CSOs. This suggests that using a constant concentration to
simulate CSO pollution may be insufficient. Although further validation
of our model is needed, it provides a complementary dataset to obser-
vations of E. coli dynamics in CSO discharges.

The ratios of E. coli load from CSOs and effluents, adjacent to the
inland water outlet (black circle in Fig. 5a), during the 99th and 90th
percentile exceedances were calculated to identify the contributions of
pollution sources. During the 99th percentile exceedances, the average
ratio between total loads from CSO and from effluents is 73 (Fig. 5d).
Passerat et al. (2011) estimated that the CSO discharges approximately
79 times more E. coli than WWTPs, and can increase the downstream
E. coli concentration 7-9 times higher than the upstream. Consistent with
these findings, our simulation yields a similar CSO-to-effluent E. coli load
ratio in 99th percentile exceedances, underscoring the dominant role of

CSOs in driving 99th percentile exceedances in the inland water system.
In contrast, during 90th percentile exceedances, these ratios were much
lower, ranging from O to 8. The low CSO-to-effluent E. coli load ratio in
90th percentile exceedances and the continuous spatial distribution
(Fig. 5a) suggested that effluents contribute substantially to more
frequent, lower-intensity 90th percentile exceedances over broader
spatial scales due to the cumulative downstream transport effects
(Jalliffier-Verne et al., 2016).

3.2.2. Variability in the coastal water

The model identified 11, 13, and 23 pollution events (classified by
exceedance of 500 CFU 100 ml’l) at the northern beach during the
bathing seasons of 2017, 2018, and 2019 (Fig. 3), respectively, with
cumulative event durations of 310, 141, and 202 h. The shape and
spatial extent of the pollution plumes varied between years, with the
largest plume occurring in 2017 (Fig. 6). In addition, the plumes
extended further northward than southward. The pollution area and
duration indicated the highest risk in 2017 compared to the other two
years. This is highly related to the E. coli load from the inland water, as
the most frequent 99th and 90th percentile exceedances were detected
at the inland water outlet. Notably, annual precipitation in 2017 was the
highest among the simulation period and higher than the 30-year
average (Fig. S9). This highlights the linkage between rainfall, CSO
discharge and pollution on the downstream beach in the model.

Although the linkage is evident, the relationship between inland
sources and beach pollution is complex. Model results show that the
relationship between E. coliloads from the inland water outlet and E. coli
concentration at the northern beach is weak, with the coefficient of
determination below 0.05. Besides, different inland pollution loads
result in varying pollution duration times at the beach. Discharge during
90th percentile exceedances resulted in short-lived beach pollution (<
10 h), whereas discharge during 99th percentile exceedances produced
substantially longer impact, with an average duration of approximately
37 h. Overall, pollution effects are larger on the northern side of the
beach than on the southern side, aligning with the predominantly south-
to-north nearshore current (Grasmeijer et al., 2022; Zijl et al., 2015; Zijl
et al., 2013). Hence, the pollution events on the beach are tightly related
to both the level of pollution discharge from inland sources and local
hydrodynamic conditions, highlighting the importance of modelling
microbial pollution in an aquatic continuum.
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3.3. Implications and limitations

To facilitate forecasting applications, the coupled model was
designed to require updates only to meteorological input variables and
population density. Notably, the coupled model was applied without
site-specific calibration, demonstrating that this knowledge-driven,
process-based framework can serve as a generic approach for other
urbanised coastal systems. Compared with data-driven models, process-
based models do not require training datasets, and the model perfor-
mance is not constrained by the size or quality of the training dataset. In
addition, the process-based model provides detailed spatio-temporal
information and enables the analysis of pollution sources and trans-
port pathways to support decision-making and water quality manage-
ment. On the other hand, observational data remain essential for model
validation. Compared to the simulation accuracy rate, the relatively low
alarm accuracy rate and the mismatch between ECCDF curves at low
concentrations likely result from missing pollution sources in the model,
including diffuse sources from agricultural areas, potential mis-
connected sewers, and direct inputs from pets, birds and tourists on the
beach (Devane et al., 2020; Ellis and Butler, 2015).

For the E. coli simulation in effluents and CSOs, this study is lacking
direct observations for validation. Nevertheless, simulated E. coli con-
centrations in CSOs and effluents match well with observations in
different areas from previous studies. In addition, the detailed temporal
and spatial impact of CSO pollution is given by the model simulation.
Given that direct and continuous monitoring of E. coli in CSO outfalls
and receiving waters is challenging and costly, the model outputs offer a
complementary dataset to observations in better understanding the
E. coli dynamics during CSO-driven pollution events. However, E. coli
removal efficiency in WWTPs was described as a function of influent
flow, with high stormwater contributions reducing removal efficiency
(van Heijnsbergen et al., 2022). In this study, a conservative constant
E. coli reduction rate was used, representing wet-weather removal effi-
ciency and potentially overestimating E. coli load in effluents during
dry-weather conditions. Future applications should improve the
coupling between the emission and rainfall-runoff models to enable
dynamic simulation of E. coli reduction rates.

Process-based models are essential for assessing the impacts of future
changes (de Brauwere et al., 2014; van der Meulen et al., 2024). Most of
the existing process-based models have been applied to individual
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waterbodies, such as river catchments (Kim et al., 2017; Ouattara et al.,
2013), lakes (Bravo et al., 2017; Thorndahl et al., 2024) or coastal areas
(Eregno et al., 2018; Gao et al., 2015). As a result, the continuity of
pollution dynamics and cumulative effects from upstream to down-
stream are often neglected, constraining the power of such
process-based models in future scenario projections. Adopting a
source-to-sea modelling framework can improve system-level repre-
sentation by explicitly capturing pollutant transport and transformation
across connected aquatic compartments. This concept has been applied
to modelling nutrients and the carbon cycle in aquatic continuums
(Zepernick et al., 2023). To our knowledge, this is the first attempt to
apply it in modelling microbial pollution. Climate change is expected to
affect microbial water quality globally, yet quantitative future

projections remain scarce (Hofstra, 2011). Source-to-Sea modelling
combined with scenario-based simulations can translate these impacts
into future microbial pollution risks at beaches and assess mitigation
strategies for evidence-based policy-making.

4. Conclusion

A process-based source-to-sea model has been developed for an
urban catchment and its downstream coastal waters, where CSO pollu-
tion is a major concern for the microbial water quality. The coupled
model integrates an emission model, a rainfall-runoff model, an inland
hydrology model, a coastal hydrodynamic model and a water quality
model. Analysis of a three-year (2017 - 2019) simulation showed that.



H. Wang et al.

1. With the simulation accuracy of 89%, the coupled model reliably
reproduced the E. coli dynamics on the downstream beach and
showed strong performance in representing peak concentrations
based on CCDF analysis. In addition, the model enabled quantitative
tracking of source contributions and identification of high pollution
hotspots.

2. Simulated E. coli concentrations in CSO discharges across the
catchment ranged from 4.6 to 7.3 (logio CFU 100 ml™Y), in agree-
ment with previously reported observations. This high variability
indicates that a constant E. coli concentration commonly applied in
earlier modelling studies may be insufficient to represent CSO mi-
crobial pollution.

3. 99th percentile exceedances at the inland water outlet were mainly
caused by adjacent CSO emissions, whereas the 90th percentile
exceedances reflected cumulative contributions along the stream.

4. The duration and spatial distribution of E. coli pollution on the beach
result from the combined effects of inland E. coli load and coastal
hydrodynamic conditions. The source-to-sea modelling framework
effectively represents the pollution transport across the aquatic
continuum.

The modelling framework developed in this study offers a generic
approach for real-time forecasting in urban areas, particularly for
assessing CSO-related pollution. By modelling pollution transport across
the aquatic continuum, the framework provides a tool for investigating
the impacts of future climate change on coastal microbial water quality.
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