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Abstract. Coastal communities are increasingly vulnerable to storm impacts, highlighting the urgent need for predictive tools
and enhance preparedness. In this work, a comprehensive, high-resolution hydrodynamic operational service using XBeach
model is presented and tested for three urban beaches in Barcelona, NW Mediterranean Sea. The operational system is de-
signed to provide early-warning coastal flooding at three-days horizon. The operational architecture is based on Python scripts
combined with task automation tools, ensuring a user-friendly system implemented on a standard desktop computer. Hydro-
dynamic validation of the model is carried out using data gathered during a field campaign in 2022, when a high-intensity
storm occurred, resulting in a root mean square error of around 0.4 m and a skill score assessment index of 0.82. Flooding
predictions were validated using videometry systems, yielding satisfactory Euclidean distances less than 5 m for storms close
to the topobathymetry collection. For storms occurring years earlier, the distances ranged between 7-15 m, underscoring the
need for regular topobathymetry updates to maintain forecasting accuracy. The service provides a warning system with a spe-
cific categorisation of the event, enabling the end-users to prepare for a possible flooding. The strategy is currently running in
operational mode, issuing alert warnings at the correct severity level. The outcome assists in decision-making of such events
by utilizing the operational system. The presented methodology is easily adaptable and replicable to meet user requirements or

to be applied in other areas of interest.

1 Introduction

Currently, nearly 600 million people reside in low-lying coastal areas, defined as zones less than 10 metres above mean water
level (McGranahan et al., 2007; Idier et al., 2021). These zones are highly susceptible to flooding during storms due to their low
elevation (Romero-Martin et al., 2024). Climate change exacerbates this threat by causing sea level to rise, which is expected
to increase the frequency and severity of flooding if no additional measures are taken (Cid et al., 2016; IPCC, 2022). Jongman
(2018) talks about the necessity to cope with these challenges by implementing diverse solutions such as flood protection
measures, risk prevention plans, nature-based solutions approaches, and early warning systems (EWS). Thus, continuous mon-

itoring and protection are required actions to increase the resilience of such areas (Baschek et al., 2017). In addition to these
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problems, the rapid urbanization in recent decades and the lack of adequate coastal protection infrastructures have increased
the impacts of flooding events (Chondros et al., 2021). Decision makers must have suitable tools to mitigate current impacts
and prepare the coasts for the future. For the short-term actions, EWS are vital for safeguarding coastal areas by providing
enough time to act and minimize the damages before they occur while for long-term, understanding potential impacts under
various scenarios is crucial for risk reduction planning.

To efficiently implement these EWS, an operational architecture is necessary to automate all modules and facilitate com-
munication with users, primarily stakeholders, via e-mail, alerts or applications. These channels enable them to make sound
decisions before the events occur. To monitor and forecast coastal areas accurately, it is crucial to use different levels of infor-
mation, from the open sea related to the beach, including wave, topobathymetric and morphology data. Specifically, operational
oceanography involves systematic measurement and modeling of seas, oceans, and atmosphere, with rapid data interpretation
and dissemination to meet societal and scientific needs (Capet et al., 2020; Schiller et al., 2018). Ocean forecasting, a subset of
operational oceanography, uses data and numerical models to predict conditions days in advance (Pérez Gémez et al., 2022).
Coastal Ocean Forecasting Systems (COFS) enhance this by focusing on local areas, usually integrating data from different
numerical models, products and observations to provide advanced information about the areas of interest (Kourafalou et al.,
2015). Increasing integration of coastal observing data for model inputs and calibration improves forecast quality, leading to
better decision-making and significant economic and social benefits by reducing storm impact consequences (Walstad and
McGillicuddy, 2000; De Mey-Frémaux et al., 2019).

The forecast results provided by models at the coastal areas have to be provided to the stakeholders as swiftly as possible,
to give them leeway in the action management (She et al., 2016). Fortunately, advances in technology and computing power
over the past few decades have significantly improved the quality of these steps (Pinardi and Woods, 2002). Data can now be
analyzed faster, and models can produce reliable results quicker. Moreover, databases have become more accessible, offering
high-quality hindcast and forecast data daily. This availability allows for the creation of local systems based on these datasets,
focusing only on specific local areas. Modern operational services to forecast coastal areas hazards no longer rely on a single
model or a few variables (Mateus et al., 2012); they utilize a combination of data from specialized models to address different
issues, such as storm surges, currents, water levels, waves, winds, flooding and erosion. These problems are solved using various
meteorologic, hydrodynamic and morphodynamic models, which help reduce computational time and resources (Wilkin et al.,
2017; Bogden et al., 2006). This approach also facilitates data collection from servers and the integration of models into a
coherent system. Despite these advancements, EWS that forecast coastal flooding still face challenges, such as computational
time and the correct calculation of physical hydrodynamic and morphodynamic processes, as noted by Basher (2006). To
address them, common solutions include utilizing high-performance computing (HPC) environments, simplifying and reducing
the resolution of the model grids, pre-calculating flooding scenarios, and depending on expert judgment instead of strict metrics.

The proposed operational service in this work, created to forecast flooding impacts, is designed to deliver forecasts to end-
users with sufficient lead time to act, featuring a solution that does not require a complex HPC environment. The EWS’s
most important feature is this rapidness in obtaining practical results, so the whole strategy must be built around the ability to

provide hazard alerts in advance (Quansah et al., 2010; Kelman and Glantz, 2014). Computational and hardware limitations
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force institutions to develop pre-operational chains that do not become fully operational and only prove effectiveness for
specific cases. The developed strategy in this contribution does not compromise the resolution of the model, as it utilizes
hydrodynamic information from CMEMS products (https://marine.copernicus.eu/). This data is automatically collected from
servers and employed to focus the study on a local area using a coastal hydromorphodynamic model. This methodology
provides end-users, such as local government authorities and those responsible for beach safety, with forecasting outcomes
and relevant information about the study area, including warning alerts to help them with the decision-making about potential
hazards.

Then, the objective of this study is to present the architecture of a high-resolution operational service designed to estimate
coastal flooding and provide timely results, enabling stakeholders to take action, all while being implementable on a stan-
dard desktop computer. To analyze and validate the effectiveness of this system, we have applied it to three urban beaches
in Barcelona (NW Mediterranean Sea). These beaches were chosen due to the availability of hydro-topographic data and a
videometry system, which facilitated the validation of the operational service.

The manuscript is structured as follows: Section 2 provides the materials and methods including the description of the studied
area used for developing the operational tool, an explanation of the system architecture, jointly with the strategy followed to
calibrate and validate the models using a field campaign and cameras. Section 3 shows the results of the calibration/validation
exercises in terms of hydrodynamics and flooding. Section 4 establishes a discussion of the main characteristics of the system
compared with other approaches, the limitation of the strategy itself and model capability; and the possibilities of tuning and

improvements of the strategy. Finally, Section 5 summarizes the conclusions of the study.

2 Materials and Methods
2.1 Study area

This study focuses on three urban sandy beaches that are fully integrated into the city of Barcelona, northeastern coast of Spain
(NW Mediterranean). From South to North, they are named as Sant Sebastia, Sant Miquel and Barceloneta (Figure 1). The
area has a total length of approximately 1.5 km and mean width of 45 m, with median grain size of about 0.88 mm (CIIRC,
2010). The beaches are among the most visited in the region. The coast, oriented at 20° relative to the north, is fully exposed
to storms. The highest intensity events, mainly occurring from October to April, are from the East and North-East directions
and can cause severe damage to the existing infrastructures (Ribas et al., 2010).

The impact of storms forces the administration to regularly intervene in the emerged part of the beaches by adding or
redistributing the sediment (Turki et al., 2013). Even in a microtidal environment, with a tidal range of approximately 0.25
m (Grifoll et al., 2012), variations in mean sea level can reach up to 0.9 m during storms due to the contribution of strong
winds caused by low atmospheric pressure fronts, potentially leading to flooding. At present, the coast is heavily intervened
with a small revetment at Sant Sebastia beach, a T-shape groin that separates Sant Miquel and Barceloneta and a double groin
at the North of Barceloneta beach (Figure 1). Sant Miquel and Sant Sebastia can be considered as a single unit and they will

be referred in this study as SMSS. The backshore is bordered by a seafront promenade that reaches a height of +7.5 m at



Barceloneta beach, gradually decreasing towards the south until it reaches +3.5 m. The boardwalk provides access to the coast,

as well as numerous establishments, including restaurants and a hotel.

430500 431000 431500 432000 432500 433000 433500 434000

XBeach Grid

¥, Campaign deployments

Y T
* T2

CMEMS point

4581400
4581400

4580200 4580800
4580800

4580200

4579600
4579600

o
=3
=3
o
I
)
<

432000 432500 433000 433500 434000

Figure 1. Location map of the study area. a) NW Mediterranean Sea. Blue rectangle marks Barcelona. b) Close-up of southern region of
Barcelona beaches. Stars (T1 and T2) show the location of the field campaign deployments. Triangle presents the location of the CMEMS
reference point (R1). Gray rectangle represents the extent of the computational domain. ¢) and d) show photographs taken during storm Celia
within the study area, at the locations marked by the camera symbols on the general map. These images illustrate the impacts caused by the

storm event. Ortophoto obtained from the ICGC WMS.

2.2 Operational architecture

The structure of the developed framework is shown in Figure 2. The chain is controlled with task automation tools, in this

95 case the Task Scheduler application for Windows OS. A similar approach for Linux could be implemented with equivalent
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settings through "at" package commands or cron tab, while for MacOS using Automator and iCalendar. Additionally, the
Cylc Work ow Engine (Oliver et al., 2018) could be utilized for both operating systems as well. In our application, the chain
starts at 02:00h local time and shares the result of the operational chain at 09:00h through the sending of an e-mail to the
competent person. These initialisation times are arbitrarily selected and subject to changes based on demands. Data reque
and threshold/ ooding analysis are activated through Python scripts linked to the task automation tool.

XBeach (version 1.23) is selected as the core model to simulate the response of the coast. XBeach is a two-dimensional mode
that encompasses wave propagation, sediment transport and beach morphology changes among other processes (Roelvink et
2009, 2010; McCall et al., 2014). The surfbeat mode, which includes infragravity waves, is used in this study to simulate both

ooding and coastal changes correctly. Modules for sediment transport and morphology changes are enabled since ooding is
heavily in uenced by the topobathymetry. The generated mesh, which features a rectangular con guration, has a 5 m resolution
on both axes and is oriented to follow beach direction (see Figure 1). Appendix A provides the parameters and the setup usec
in the simulations conducted for this study. Additional parameters, such as the median grain size (0.0008 m) (CIIRC, 2010)
and the treatment of the city as a non-erodible layer, are also speci ed. The grid is referenced to ETRS89 UTM 31N and has
been post-processed to improve the water-land interface coupling. A python-based script, employing sub-process commands
activates the trigger for initiating XBeach simulations. The model is con gured to run in parallel mode using MPI (Message
Passing Interface) settings.

The chain starts with a hydrodynamic data request to the Copernicus Marine Environment Monitoring Service (CMEMS). It
is a European Program for the establishment of a European capacity for Earth Observation, which provides oceanographic prod
ucts and services for maritime safety, coastal and marine environment, climate and weather forecasting and marine resource
users. For the study area, there are two different datasets available: the Atlantic-Iberian Biscay Irish (IBI) database (Aznar
et al., 2016) and the Mediterranean Sea database (MEDSEA). For this work, we utilized 1Bl dataset, although MEDSEA could
also be used as a primary input according to the proposed approach. IBI has been widely used as a boundary condition to builc
operational downstream services through high-resolution hydrodynamic models (e.g. Sotillo et al. (2020, 2021); Lorente et al.
(2019)), offering a daily updated high-resolution ocean analysis and forecast product. Hourly data for signi cant wave height,
peak period, mean direction and water level is requested from the closest CMEMS point to the XBeach computational grid,
hereinafter referred to as R1 (Figure 1). The information is gathered in the early morning for that same day and the subsequen
two, obtaining a three-days forecasting. In the event of server or computer failure during data collection, the operational chain
is ended until it can be restarted the following day. However, it can be manually reactivated the same day if necessary.

The next step involves activating XBeach only if a signi cant wave height exceeding the 2-metre threshold is detected in the
forecasted time series from CMEMS. This threshold is commonly used to indicate storm conditions along the Catalan coast
(Bosom and Jiménez, 2011). If no such value is observed, the XBeach module is not triggered, and the operational service
ends, as it is assumed that no hazards will be identi ed during the chain. Once the simulation is complete, XBeach provides
the number of ooded cells using an output variable callegtz This variable identi es wet and dry cells across the entire
domain, with ooded cells de ned as those that start dry and become wet during the simulation. The total ooding is then

calculated as the average number of wet cells over the simulation. To minimize model errors and exclude areas with very thin
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Figure 2. Work ow for the automated operational service. A detailed explanation is provided in Section 2.2.

ooding layers, a cell is only considered wet when it surpasses a threshold of 5 cm. These XBeach ooding results, which take
three hours to process on a standard desktop computer, in this study Intel Core i7-10700 with 16 GB RAM, are automatically
analyzed to assess the extent of inundation using Equation 1. This equation considers the total number of cells between the
coastline and the promenade and compares it to the number of cells that are ooded during the event, yielding the percentage

of the ooded beach.

Number of ooded cell
% ooded area= umber of ooded cefs 100 Q)
Number of total cells

These percentages are used to establish a color-coded alert level system, helping end-users assess the potential magnitu
of the impacts. The alert levels are categorized as follows: green for no alert when 0-25 % of the area is ooded, yellow for



moderate alert with 25-50 %, orange for high alert with 50-75 %, and red for extremely high alert with 75-100 %. Additionally,

if the forecasted wave height detected is always less than 2 metres, the event is also classi ed as no alert. Figure 3 illustrates
145 examples of images ranging from no alert to maximum alert, and demonstrates how color scales are used to classify the ood

hazard.

Figure 3. Examples for different alert levels provided within the e-mail. Percentages represent total ooded area. From least to most impact:

top left, top right, bottom left, and bottom right. Ortophoto obtained from the ICGC WMS.

Once the analysis of XBeach results is completed, an e-mail is automatically sent to the selected recipients, which can be
stakeholders, government authorities or those responsible for the studied area. The user receives each day a status of the stu
area based on the described alert system, with the corresponding image as in Figure 3. Within the e-mail, a graphical view of

150 the ooded line for the forecast is also attached, in order to ease the comprehension of the magnitude for the possible impact



(Figure 4). We chose to prioritize this output type over numerical information because users will nd it easier to understand
than statistical analysis of the event. Even so, additional metrics (e.g. total percentage of ooding or maximum ood extent in
meters) could be easily included in the e-mail, and the format and type of data provided could be reviewed with the end-users

to ensure that it meets their needs and expectations.

Figure 4. Example of gure received within the e-mail showing the magnitude of ooding, in this case for a high-intensity event. The red

line shows the expected ooding line from the forecast. Ortophoto obtained from the ICGC WMS.

155 The explained work ow corresponds to the demonstration built to show the capacity of the operational service but the
developed strategy is fully adaptable and modular. The starting times, the total simulated days, the thresholds and analysis
to determine if the alerts trigger, and the core of the sent e-mail, among all the other parts can be totally changed and more
modules can be incorporated into the system. Figure 5 shows a complete synthesis of the operational chain, including inputs

and the forecasting strategy for the current version.
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Figure 5. Synthesis of the operational chain. Boxes refers to days of forecast. Horizontal bars de ne the three-days forecasting simulations
through XBeach model using CMEMS-IBI inputs. Gray scale shows qualitative approximation of the accuracy prediction, with black showing

higher con dence and light gray lower con dence.

2.3 Validation strategy

The modelling part of the operational chain has to be validated with test cases beforehand to con rm the results produced by
XBeach accurately reproduce the real behavior of the beaches. XBeach model was originally designed for use in sandy beache:
as in the case study, and several papers have demonstrated the model's effective performance in these regions (Sanchez-Art
et al., 2023, 2024; Zhou et al., 2023; Roelvink et al., 2009; Carrion-Bertran et al., 2024) but a proper validation in each study
area is needed to ensure the quality of the forecast. In this paper, we explore the validation for two different results.

First, the correct representation of the hydrodynamics based on wave height was veri ed using data from a eld campaign
conducted from 9 March to 27 April, 2022, as part of the MARLIT project (MARLIT, 2021). In the campaign, two instru-
mented benthic tripods, each xed to a concrete slab, were deployed at 8 m and 13.4 m depth and will be referred hereinafter
as T1 and T2 respectively. T1 was located at coordinates 41°22.454'N 2°11.602'E whereas T2 was deployed at 41°22.472'N
2°11.712'E. Wave height, period and direction were hourly acquired by means of two acoustic current pro ler (ADCP). T1
mounted a Nortek Aquadopp 2MHz placed at 0.8 m above the bottom, whereas T2 installed a Nortek AWAC 1MHz ADCP
® at 1 m above the bottom at T2. During the eld campaign, data from a storm named Celia was recorded (Figure 6). This
event exhibited a signi cant wave heightl ) at the peak of about 4 m and an associated peak pefiddf 10 s, with an
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almost constant wave direction of about 120° at both deployments. The 15-day storm caused signi cant coastal ooding on
the beaches, damaging infrastructure such as beach bars and showers, displacing sand onto the promenade, and prompti
the placement of sandbags to mitigate further damage, as illustrated in Figure 1c,d. Additionally, two minor storms, occurring
from April 11-14 and April 20—22, originating from the East and East-Northeast, respectively, were recorded at the end of the
campaign. However, these were excluded from the study due to their low wave heights. Figure 6 shows the wave conditions
observed throughout the entire period. In addition, two topo-bathymetric surveys were conducted: the “dvlarch, just

before the start of the hydrodynamic measurements, and the secont! ép@# at the end of the campaign. A small vessel
equipped with a multi-beam echo sounder was used for the bathymetry providing data with a horizontal resolution of 1 m. The
emerged part was surveyed using an electronic total station by taking measurements along transects perpendicular to the beac
and spaced approximately every 10 m. After eld collection, data was transferred into a GIS to generate a high-resolution

Digital Terrain Model (DTM), which, after post-processing, was converted into the mesh described in Section 2.2.

Figure 6. Hydrodynamic analysis of the campaign. Blue line corresponds to T1 and purple line to T2. Red rectangle shows the period when
storm Celia hit the coast. Blue rectangles show the two minor storms that occurred during the campaign period.

Then, as the main focus of the operational alert, the model's ooding output was compared with videometry technology.
Cameras have the advantage over satellite data in that, if the optical sensor is not heavily covered by rain, it is possible to
de ne the ooding lines in storm conditions. Meanwhile, in the satellite data, clouds typically appear during these periods,
making it impossible to detect them. Besides, cameras are able to provide a higher frequency of images for the study area,
which improves monitoring. Therefore, for calm periods, both approaches are appropriate, but for validation of high-intensity
events, which is the main aim of the manuscript, data from cameras work better.

Images of one of the cameras from the xed coastal video monitoring station in Barcelona city are considered in this
work (Figure 7, coo.icm.csic.es) for the validation. This station, placed 142 m above the mean sea level, overviews Barcelona

beaches since 2001. The original set of ve cameras (Ojeda and Guillén, 2008) was replaced in 2015 by a set of six cameras

10
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of higher resolution. The only camera over-viewing the beaches of interest in this work (SMSS and Barceloneta, Figure 7)
has a resolution of 2452 2056 pixelg and provides snapshots, 10-minute time averatiew} and variance images hourly.

The pixel footprint for the beaches of interest is, in the farthest part of the study area (SM8%,m in the cross-shore
direction, the one of most interest, and4.5 m in the alongshore direction. The resolution improves in the Barceloneta beach,
closer to the station, up to 0.3 m in the cross-shore direction and0.6 m in the alongshore direction. The cameras have
been hourly calibrated using the automatic calibration methodology presented by Simarro et al. (2021) to avoid detected and
signi cant changes of calibrations within the day (mainly due to the dilatation of the building where the cameras are placed)
or due to undesired sudden changes. For this study, these timex images were used to determine ooding lines, de ned as the
maximum ooding observed in each image. Lines were manually digitised using Python scripts, with points selected and then
converted to pixel coordinates. The calibration of the cameras allows to transform these pixel coordinates of the shoreline to
real world coordinates, provided thatde ned as the water level encompassing both meteorological and astronomical tides,

is known at the shoreline. To facilitate this transformation, ULISES (Simarro et al., 2017), an open-source software developed
for extrinsic calibration and the generation of plan views in coastal monitoring systems using videos, and relatives codes
(https://github.com/Ulises-ICM-UPC) were used.

Figure 7. Time averagedtimey image corresponding to April 3th, 2022. From top to bottom: SMSS and Barceloneta, which is the study

area of the work, and Somorrostro beaches.

For each type of validation, different error metrics were considered based on data characteristics. The hydrodynamic model's
performance was calculated through the Root Mean Square Error (RMSE), the mean bias error (MBE) and the skill score
assessment index (SK) (Equations 2, 3 and 4). RMSE is a widely-used and reliable metric for assessing the relationship betweel

11
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two data series, making it an appropriate choice for evaluating these types of results and models, MBE provides additional
insight by quantifying the systematic tendency of the model to overestimate or underestimate observations (Williams et al.,

2017; McCall et al., 2014; Matias et al., 2019), while SK presents the agreement in a range from 0 to 1, being 0 a complete

disagreement and 1 a perfect match between model and observations (Willmott, 1981). The analysis considered the storm
Celia as it is the main responsible of changes and the objective of the forecast. In the formulas, the predicted value obtained
from the model ;) is compared with the observed value from the deploymén} for each point in the time series, with

n representing the total number of points. For SK analysis, the mean values for the observations (with the over bar -) are also

considered.
Sp———
L (P 0)°
RMSE = %" 2)
1 X
MBE = — (P O) ©)
i=1
I:)n 2
(P .
SK=1 p =1 (P O) (4)

", P 0j+j0i O

To validate ooding, pre-processing was required before comparing the model and camera data for two reasons. First, the
camera data covered a larger area than the model data, so the lines were adjusted to have the same starting and ending poin
Second, the datasets differed in the number of data points, with one dataset containing fewer samples than the other, makin
direct comparison challenging. To address this, the number of points de ning each line was resized to coincide between
datasets, following the recommendations for such cases (Japkowicz et al., 2000). After these steps, and because the ooding
lines and points were de ned in a 2D spatial eld, the Euclidean distance was used to analyse the differences between both
observed and modelled. Based on these values, the averaged Euclidean distance was computed as Equation 4. In this equatic
n represents the total number of points,gnd g represent the x-coordinates, whilg and g represent the y-coordinates of
the points (p) and (q), respectively. The averaged distance represents an error metric of the model performance.

d(p;d) =

19 X
o (p w)?+(p2 ®)?) 5)

In addition to the storm Celia, which was used for both hydrodynamic and ooding validation, other storms were tested to
enhance con dence in the model's ood results. These storms were documented by newspapers and the ooding magnitude
captured by the camera was examined. Table 1 provides a summary of the storm characteristics, including their storminess
expressed in terms of return period (RP) using data from the "Barcelona II" buoy managed by Puertos del Estado, which
provides a longer time series. Scenarios with signi cant ooding were selected as validation cases, ensuring that various years

12



were accurately represented and avoiding the selection of storms from only one or two years. Also, to enrich the study, two
different calm periods were tested: one close to the time of the topobathymetry realisation and another from a year later, to
observe changes in the coastline position (see Table 1).

Table 1. Characteristics for the storm and calm events studied at the CMEMS reference point (R1).

Storm event Date Maximum Hs (m) | Maximum T,(s) | Maximum WL (m) RP (yrs)
OCT19 October 2019 2.2 9.1 0.89 5
DEC19 December 2019 3.7 10.5 0.93 5
Gloria January 2020 4.7 11.9 0.69 60

Celia March 2022 4.0 10.0 0.50 5
Isaak February 2023 4.0 10.0 0.55 20

Calm periods
Calm1 March 2022 0.19 7.9 0.75
Calm 2 June 2023 0.5 5.6 0.60

240 3 Results
3.1 Hydrodynamic validation

Figure 8 illustrates the comparison between the model results and observed values from both eld campaign deployments T1
and T2 (Figure 1) during storm Celia. At T2, the one placed deeper, the model shows a closer match with the observed data
at the storm's peak, whereas for T1, the shallower, it slightly underestimates the wave height. This underestimation pattern

245 remains consistent throughout the entire event, as evidenced by the negative MBE of -0.43 m for T1 and -0.25 m for T2, and
has also been observed in previous studies (De Beer et al., 2021; Oliveira et al., 2020; Buckley et al., 2014). Despite this, the
discrepancies for both deployments are mainly observed during the setup and end phases of the storm, with the peak, typically
associated with maximum ooding, being the most accurately represented. Quantitatively, the analysis obtained an RMSE of
0.33 m at T2, while at T1, it increased to an RMSE of 0.49 m for the period corresponding to the storm passing. For SK

250 analysis, T2 achieved a value of 0.86 out of 1, and for T1 it decreased until 0.80. However, both values still represent a great
agreement between the model and the observed data (see Figure 8).

13
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Figure 8. Hydrodynamic response validation of the model. Top panel and the light blue line corresponds to T1 while bottom panel and purple

line to T2. Black lines show the model output for each point.

3.2 Flooding validation and sensitivity analysis

Figure 9 presents the ooding lines obtained from both the videometry and the model for SMSS and Barceloneta beaches
during the studied storm events. Figure 10 presents these results for both SMSS and Barceloneta beaches under the call
condition scenarios. Additionally, Table 2 summarizes the averaged Euclidean distances obtained from the comparison betweel
videometry and model using Equation 5, for all the studied cases.

In the context of the storm Celia, which hit the coast only 10 days after the collection of the topobathymetric data on March
4th, the comparison depicted in Figure 9 reveals a strong correlation between the model and the camera across SMSS beache
as well as with Barceloneta beach. Supporting this observation, Table 2 provides quantitative evidence with obtained values
from the Euclidean distance analysis of 2.7 m for SMSS beaches and 2.9 m for Barceloneta. Given the 5x5 m mesh resolution,
this error is considered sub-pixel, suggesting that further theoretical improvements may not lead to real enhancement of the
accuracy.

For the other studied storms similar patterns emerge, as depicted in Figure 9 for SMSS beaches. The qualitative alignment,
relevant for decision-making in the operational chain as visual component, demonstrates a consistent match between bott
datasets. Notably, discrepancies tend to appear at the extremities of the beaches, while the central areas exhibit the highe:

14
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coherence between videometry data and the model. Speci cally, the biggest differences are observed for the storm Gloria,
which happened two years before the topobathymetry gathering. Additional causes were the dif culty of simulating this long
and extremely high-intensity event along with the challenge of precisely de ning the ooding line from the cameras due

to heavy rain obscuring the lens and resulting in poor visibility. Two different time frames were simulated in an attempt
to achieve more stable results, but the mentioned issues persisted in both study periods. The other storms exhibit a stron
correlation between the camera and model results, with smaller distance discrepancies for storms closer to the topobathymetr
gathering. As shown in Table 2, storm Celia had the best approximation, followed by Isaak (that occurred one year after the
topobathymetry collection), both achieving subpixel accuracy. Conversely, the accuracy decreased for storms that were farthel
away, with OCT19 storm of 2019, three years before the gathering, showing the highest euclidean distance value, of 12 m,
excluding storm Gloria.

For Barceloneta beach, as it can also be seen in Figure 9, the behaviour is similar as for SMSS. In this case, discrepancie:
generally does not exceed twice the mesh resolution (i.e. 10 m), except in the case of the storm Gloria. Comparing with SMSS,
Barceloneta better catches the ooding extent for all the studied storm scenarios except for Celia, where as explained before,
subpixel accuracy does not determine a difference between these values. Besides, the same pattern is observed where the mo
seems to underestimate the southern part of the beach ooding while overestimating the ooding in the northern parts. For the
central parts, the correlation is the highest, as it can be observed in Figure 9.

Calm conditions, as shown in Figure 10 for both studied cases, show a good visual correlation. The greatest differences were
observed for Barceloneta beach during the calm conditions of June 2023, followed by SMSS for the same period. In contrast,
the accuracy obtained for the calm scenario closer to the topobathymetry gathering was subpixel, following the same pattern
as for storm conditions as it can be seen in Table 2. In this case, since the waves do not greatly affect the dynamics and the
ooding is minimal, the differences between the model and the camera are more homogeneous for Barceloneta beach, with the
model consistently overestimating the coastline alongshore. For SMSS, although the overall correlation is higher, the model
seems to slightly overestimate the camera at the beach extremities, while the center shows the best match.

Table 2. Euclidean distance, in metres, for each of the storm and calm conditions, separated for both studied areas.

Storm ‘ SMSS ‘ Barceloneta
OCT19 7.7 6.5
DEC19 12.0 7.7
Gloria 2020 08:00h 17.5 10.7
Gloria 2020 15:00h | 16.8 13.0
Celia 2022 2.7 2.9
Isaak February 2023 3.9 3.8
Calm March 2022 4.4 4.8
Calm June 2023 6.5 9.5
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Figure 9. Comparison of the ooding for selected storm events. In purple, model results; in red, videometry. Light brown polygon indicates
the extent of the beaches, blue represents water, and gray denotes the promenade and the city. Local axes are used, with distances measu

in metres.
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