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Abstract Coastal regions are increasingly exposed to sea-level rise and intensifying storm surges,
underscoring the urgent need for accurate long-term predictions of extreme water levels to support robust
adaptation planning. Physics-based hydrodynamic storm surge models remain the gold standard for such
projections, but are computationally demanding, limiting their feasibility for producing the large scenario
ensembles needed under deep uncertainty. Artificial intelligence surrogate models have emerged as a promising
alternative. Yet, current approaches often underrepresent rare extremes and lack validation under future climate
conditions, constraining their application for long-term planning. Here, we develop a deep learning surrogate
model trained on hydrodynamic simulations from the Global Tide and Surge Model (GTSM), with both
historical reanalysis and high-resolution climate projections (CMIP6 HighResMIP). Using New York City, a
highly vulnerable urban coastline with extensive surge records, as a testbed, we demonstrate the model's ability
to represent extreme storm surges under both historical and mid-21st-century scenarios. To enhance
performance on extremes, we propose a novel asymmetric loss function, combining quantile and expectile
losses, which substantially improves predictions of rare storm surge events, while maintaining high overall
performance. Fine-tuning with climate model outputs further aligns the surrogate's estimates with those of the
hydrodynamic model across spatial and temporal scales. Under future climate forcing, projections obtained with
the surrogate model closely reproduce the response of GTSM, capturing projected trends in extreme events.
This open-data-based framework provides a computationally efficient and globally transferable approach for
storm surge projection, enabling the large-scale scenario analyses required for climate-resilient coastal
planning.

Plain Language Summary While rising mean sea levels are expected to be the dominant driver of
future coastal flooding, storm surges remain a critical and highly uncertain contributor to coastal flood risk. In
this study, we develop an Artificial Intelligence model that accurately emulates storm surge simulations for New
York City, offering a much faster alternative to traditional physics-based models. Our model closely reproduces
the storm surge levels from the Global Tide and Surge Model, including extreme events. We demonstrate that
training the model using asymmetric loss functions, such as a new combination of quantile and expectile terms,
significantly improves the accuracy of the surrogate model for rare but high-impact storm surge events, under
both present and future climate scenarios. When applied to future climate scenarios, the model maintains high
accuracy if it is fine-tuned using historical simulations from the same climate model. This framework offers a
fast, flexible, and transferable tool for projecting storm surge extremes based on openly available global data
sets, and can be applied to other coastal locations worldwide.

1. Introduction

Beyond the well-documented rise in mean sea levels, climate change is also reshaping the high-frequency dy-
namics of storm surges and waves through alterations in atmospheric and oceanic circulation patterns (Bernier
et al., 2024; Intergovernmental Panel On Climate Change (Ipcc), 2022). While long-term regional variations in
mean sea level are projected to remain the primary driver of extreme coastal water levels and flooding in the
coming decades, particularly under high-emission scenarios (Tebaldi et al., 2021; Vousdoukas et al., 2018),
episodic processes such as storm surges and wave action continue to play a critical role in coastal flood risk,
potentially amplifying its impacts (Bernier et al., 2024; Intergovernmental Panel On Climate Change
(Ipcc), 2023; Kirezci et al., 2020; Lashley et al., 2025). In many regions, the intensity of low-probability extreme
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water level events is projected to increase, potentially exacerbating hazards in vulnerable coastal zones (Muis
et al., 2020, 2023; Vousdoukas et al., 2018). A growing body of regional and global studies underscores the
likelihood of more frequent and severe coastal hazards under climate change. Drivers include the accelerated
sequence of storm and tropical cyclone (TC) events (Knutson et al., 2020; Xi et al., 2023), intensification of wind
speeds in major TCs (Patricola & Wehner, 2018), and an increased probability of compound flooding from the
concurrence of extreme precipitation and meteorological tides (Bevacqua et al., 2020). These projections rein-
force the imperative to develop robust and adaptive strategies capable of navigating deep uncertainty in future
coastal dynamics (Aziz et al., 2024; Bernier et al., 2024; Oddo et al., 2020). Contemporary frameworks for
assessing future coastal risk typically fall into three broad categories: (a) hydro-dynamic models, which resolve
the physical processes underpinning coastal hazards, (b) statistical approaches, which is based on a representation
of the probability distributions derived from historical or synthetic data sets, and (c) data-driven approaches,
including Artificial Intelligence (Al)-based models, which rely on empirical relationships between input and
output variables. Each paradigm offers distinct advantages but is constrained by specific assumptions and sim-
plifications that limit its utility in adaptation planning (Eilander et al., 2023; Feng et al., 2025; Garner & Kel-
ler, 2018; Herman et al., 2020; Mayo & Lin, 2022).

Hydro-dynamic models excel at representing nonlinear interactions among mean sea level, tides, surges, wave
setup, and other drivers of compound flooding (Leijnse et al., 2021; Muis et al., 2020; Shimura et al., 2022). They
accommodate deep uncertainty and ambiguity in system behavior (Kopp, Garner, et al., 2023; Muis et al., 2023),
and probabilistic frameworks allow the propagation of uncertainties in climate inputs, model parameters, and
structural configurations (Kopp, Oppenheimer, et al., 2023). Ensemble simulations further enable the exploration
of plausible futures and their associated likelihoods (Herman et al., 2020; Lin et al., 2019). The integration of
outputs from Global Climate Models (GCMs) into hydrodynamic simulations ensures coherent representations of
hydro-meteorological drivers under future emission scenarios. Notably, the increasing fidelity of high-resolution
GCM experiments (e.g., HighResMIP within CMIP6) has enhanced the capacity to simulate tropical cyclone
behavior and associated hazards (Haarsma et al., 2016; Roberts et al., 2020).

Yet, despite these advantages, dynamic models remain highly computationally intensive. Accurately resolving
multi-scale processes requires fine-resolution grids, making large-scale ensemble simulations prohibitively
expensive in many cases (Muis et al., 2020; Pachev et al., 2023; Wang et al., 2023). Statistical approaches offer
improved computational efficiency but often rely on simplifying assumptions about dependencies among sea
level components (Benito et al., 2024; Lin et al., 2016; O’Grady et al., 2022; Vousdoukas et al., 2018). These
approximations frequently omit critical dynamics, such as the timing and interaction of surge and tide, or fail to
coherently represent meteorological drivers necessary for capturing compound flooding (Ragno et al., 2023;
Sarhadi et al., 2025), thereby limiting their utility in comprehensive risk assessments and adaptation planning.
Moreover, because statistical models require large sample sizes to derive reliable risk estimates, they often
depend on synthetic scenarios generated by dynamic models, ultimately inheriting the same computational
burdens and scope limitations they were designed to bypass (Krien et al., 2015; Lin et al., 2012; Mayo &
Lin, 2022).

To overcome the computational constraints of dynamic models, recent studies have increasingly explored data-
driven approaches, as surrogate models for storm surge dynamics. A broad body of data-driven methodologies for
related coastal and flood-risk applications exist in the literature (Qin et al., 2023), including Gaussian process
emulators (Betancourt et al., 2020; Liu & Guillas, 2016), Radial Basis Function (Rueda et al., 2019), Random
Forests (Lecacheux et al., 2021), k-nearest neighbors (Tausia et al., 2023), physics-informed learning (Raissi
et al., 2019), and neural networks (Harter et al., 2024; Hermans et al., 2025; Ishida et al., 2020). Within the broad
landscape of data-driven approaches, neural networks represent a flexible class of models that leverage their
universal approximation properties, making them particularly suitable for regression problems involving complex
and non-linear input-output mapping. While such models lack explicit representations of underlying physical
processes, they offer rapid inference capabilities for applications ranging from real-time forecasting and emer-
gency response (Qin et al., 2023; Wang et al., 2023; Xie et al., 2023) to generating large ensembles for long-term
risk projections (Harter et al., 2024; Ishida et al., 2020; Jiang et al., 2024; Kaufmann et al., 2024; Tiggeloven
et al., 2021).

Al-based frameworks exhibit substantial diversity in their architectures and target applications. Some models
incorporate endogenous states to predict system evolution sequentially (i.e., timestep by timestep), which is
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particularly suited to forecasting (Qin et al., 2023; Wang et al., 2023; Xi et al., 2023), while others employ
exogenous states to surrogate dynamic models, facilitating long-term scenario projections (Ayyad et al., 2023;
Ishida et al., 2020). Differences in target variables (e.g., tide gauge observations vs. synthetic hydrodynamic
outputs), spatio-temporal resolutions, and forcing data further distinguish these approaches (Harter et al., 2024;
Qin et al., 2023; Xi et al., 2023). Neural networks have demonstrated promising regression performance in storm
surge applications (Ayyad et al., 2023; Jiang et al., 2024; Kaufmann et al., 2024), including both cost sensitive
learning approach (Hermans et al., 2025) and input features selection to enhance predictions of extremes
(e.g., wind stress over wind speed (Harter et al., 2024), or average temperature signals for climate-driven vari-
ability (Ishida et al., 2020)). However, the vast majority of Al models developed to date are trained and validated
using tide gauge data or historical storm surge reanalysis, which are limited in both spatial coverage and reso-
lution (e.g., (Bruneau et al., 2020; Hermans et al., 2025)). Only a few studies assess the performance of neural
networks for surge modeling across the global gauge network, highlighting the equatorial/tropical zone as the
region where such models perform the worst (Tadesse et al., 2020; Tiggeloven et al., 2021).

Despite these advances, critical gaps remain in the development of Al models for storm surge projections (Bernier
et al., 2024), particularly regarding their ability to capture extreme events (Camps-Valls et al., 2024). Neural
networks frequently underestimate rare, high-impact surges, precisely the events most relevant for adaptation
planning and early warning systems (Camps-Valls et al., 2024; Harter et al., 2024). Moreover, Al models have yet
to be evaluated under non-stationary future conditions, a key requirement for extending beyond historical
baselines and ensuring their robustness in a changing climate (Bernier et al., 2024). Most existing Al applications
focus on direct prediction of surge levels using observed tide gauge data, while comparatively less attention has
been given to surrogate modeling approaches that emulate hydrodynamic models. In particular, there is a lack of
systematic evaluation of Al-based surrogates trained on outputs from physically based models, especially on
storm surge projections. It remains unclear how transferable surrogate models are across different climate inputs
(models or scenarios), or whether their strong performance holds under future scenarios without model-specific
fine-tuning. Such evaluations are essential to support large-scale scenario generation under future climate en-
sembles, within a computationally efficient yet physically consistent framework.

At present, global storm surge projections remain limited to a few computationally intensive hydrodynamic
modeling efforts using GCM forcings. These include ADCIRC coupled with MRI-AGCM meteorological fields
(Shimura et al., 2022), as well as iterations of the Global Tide and Surge Model (GTSM) (Muis et al., 2020, 2023;
Vousdoukas et al., 2018). The highest-resolution global projections to date have been generated with GTSM 3.0,
driven by HighResMIP data sets and providing open-access outputs for five GCM simulations through 2050
(Copernicus Climate Change Service, 2022; Muis et al., 2023). This data set presents an unprecedented oppor-
tunity to train Al surrogates for storm surge projections, a strategy that remains largely unexplored.

Here, we develop a neural network surrogate model of GTSM 3.0 using these high-resolution global storm surge
projections (Muis et al., 2023). The modeling framework is designed to be globally applicable because it can be
trained in any location where GTSM outputs are available. In our case, we train our surrogate model using only
meteorological forcings and without providing location-specific morphological information. This formulation
allows the model to learn the local storm-surge response implicitly from the underlying hydrodynamic simula-
tions used for training. As storm-surge dynamics depend on local bathymetry, coastline geometry, and regional
atmospheric regimes, surrogate models remain location-specific unless retrained using all location-specific in-
puts. Our analysis focuses on the New York City coastline, a critical case study due to its population density,
economic exposure, and extensive prior research on coastal flood risk (Sarhadi et al., 2024; Strauss et al., 2021).

Leveraging ERAS and HighResMIP forcing data sets, we target surge and tide outputs to preserve the nonlinear
interactions captured by GTSM. We assess model performance under both historical and projected future con-
ditions, with particular attention to the use of quantile regression for improving the representation of extremes.
Specifically, we (a) perform a quantitative evaluation of the surrogate model against GTSM outputs (both
reanalysis and projection) using standard regression metrics and Extreme Value Analysis (EVA), and (b) compare
the effectiveness of training the surrogate using either the Mean Squared Error (MSE) or a novel asymmetric loss
function, combining quantile and expectile losses, in reducing the underestimation of storm surge peaks.
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Figure 1. Map of the New York City coastline highlighting the GTSM station target and showing the bounding boxes of the
atmospheric forcing fields.

2. Material and Methods
2.1. Case Study and Data

This study develops a surrogate model targeting GTSM outputs at a tide gauge near New York City (NYC). The
closest GTSM node to Manhattan's southern tip lies at coordinates (40.71, —74.02) in the EPSG:4326 reference
system (Figure 1). The NYC coastline is among the most studied urban coastal zones worldwide, due to its high
exposure to coastal flood risk in low-lying metropolitan areas. This risk became particularly evident during
Hurricane Sandy in October 2012, which caused 43 fatalities and over US$ 60 billion in damages (Marsooli &
Wang, 2020; Strauss et al., 2021). Storm surges in this region are primarily driven by extratropical cyclones
(ETCs) in the cool season (November—March) and tropical cyclones (TCs) during the hurricane season (June—
November), both producing strong onshore winds and low atmospheric pressure that elevate coastal water levels
(Orton et al., 2016). Notably, although the majority of storm surge events in NYC have been caused by ETCs, the
most severe historical storm surges have been associated with TCs that produce extremely rare events (Catalano
& Broccoli, 2018; Towey et al., 2022). In addition to storm surge, astronomical tides play a critical role in
modulating coastal flood risk in NYC, exhibiting pronounced spatial and temporal variability along the complex
coastline and within the NYC bay. This variability increases the likelihood of in-phase interactions between storm
surge and tide, exacerbating local water level extremes (Colle et al., 2008; Georgas et al., 2014; Marsooli &
Wang, 2020). Furthermore, the region's intricate bathymetry and coastal geometry, characterized by estuaries and
tidal inlets, can amplify both tidal and surge dynamics at specific locations (Colle et al., 2008; Irish & Caiii-
zares, 2009). The interplay of climate drivers, sea level rise, and local hydrodynamic processes makes projections
of future storm tides and coastal flood risk in NYC highly uncertain (Garner et al., 2017; Lin et al., 2019),
underscoring the need for fast and accurate surrogate models capable of supporting large ensemble projections of
future sea levels.

The GTSM simulations span multiple periods: reanalysis (1979—present), historical (1950-2014), and future
projections (2016-2050). The data set is provided at different resolutions: 0.1° along the global coastline and
0.25°-1° for ocean grid points (Copernicus Climate Change Service, 2022). GTSM dynamically simulates in-
teractions among mean sea level, astronomical tide, and storm surge, capturing nonlinear surge-tide interactions.
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The total water level relative to mean sea level is calculated as the sum of the astronomical tide and storm surge.
GTSM v3.0 is a global, depth-averaged barotropic ocean model that solves the non-linear rotating shallow-water
equations on an unstructured grid. Atmospheric forcing enters the model through surface wind stress and gra-
dients of mean sea-level pressure. Mean sea level rise from climate models is used as a spatially varying, slowly
evolving modification of the background water depth and reference sea surface. As a result, changes in mean sea
level influence tidal propagation, dissipation and tide-surge interaction through changes in geometry rather than
as a direct dynamical forcing. To capture both synoptic-scale (ETCs and TCs) and meso-scale features, the at-
mospheric forcings require hourly or sub-hourly resolution. GTSM operates with a 10-min time step and employs
a variable-resolution mesh, achieving high fidelity along coasts while maintaining computational efficiency
offshore (Muis et al., 2020).

To train the surrogate model, we use the same atmospheric data sets that force GTSM: ERAS reanalysis
(C3S, 2018) and GCM simulations from HighResMIP (Haarsma et al, 2016). ERAS provides
0.25° x 0.25° hourly data from 1979 onward; we focus on this modern satellite era to maximize consistency and
data quality, excluding the pre-1979 back-extension available only recently. For projections, we adopt the
CMCC-CM2-VHR4 model, one of only a few HighResMIP GCMs forced into GTSM, offering coupled
atmosphere—ocean fields at 25 X 25 km resolution and 6-hourly time steps (Scoccimarro, Bellucci, &
Peano, 2017), and capable of representing realistically TCs of category-5 on the Saffir-Simpson scale (Scocci-
marro, Fogli, et al., 2017). CMCC-CM2-VHR4 atmospheric forcings are linearly interpolated to hourly resolution
to match ERAS.

A comparison between forcing distributions over historical and future climate reveals a marked warming trend
and an increase in the frequency of low-pressure events, while wind distributions appear stationary in isolation
(see Figure S1 in Supporting Information S1). However, the effective non-stationarity of these drivers for storm
surge requires joint analysis beyond the scope of this study.

2.2. Problem Formulation

To build a surrogate model of GTSM, we define a neural-network function F; whose behavior is determined by a
set of trainable parameters 6, optimized via gradient-based learning, which maps the forcing values (y) into the
tide and surge signals estimated at time 7, as Formalized in Equation 1. As we target a single GTSM output station,
the output of the surrogate model is the estimate of tide and surge values at the selected location, that is,
[3,1¢, 3 "¢], in NYC. The tide and surge components are targeted separately to enable a clear and distinct
assessment of model performance for each physical process. This decoupling allows us to identify under which
forcing conditions and input configurations the neural network improves or degrades its skill for each component
individually. Moreover, the modular formulation enables the development of two distinct surrogate modules, one
for the astronomical tide and one for the storm surge. While treated as separate outputs, the storm surge
component implicitly captures its non-linear dependence on the astronomical tide level and on mean sea level,
consistent with known physical interactions represented in the hydrodynamic model. The surrogate model's
function and its inputs can be defined as follows:

[359, 3] = By(tss -+ K1) (1
where:

=X .. XK X Y] )

-xn,l [N xn,m

The surrogate model is forced with K spatially distributed variables and W spatially independent variables, both
sampled for T time steps backward, including the current one. Specifically, we use four spatially distributed
atmospheric variables—10 m zonal and meridional wind components, mean sea level pressure, and 2 m air
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Figure 2. Two-stage framework for surrogate model development: (i) evaluation on the historical reanalysis data set (ERAS),
exploring spatio-temporal domains and loss functions; (ii) fine-tuning and generation of future projections. Dashed links and
boxes refer to the projection evaluation step. Red boxes indicate available input and target data, while blue boxes represent
generated data and models.
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temperature. The latter, though uncommon in storm surge models, provides information on large-scale atmo-
spheric conditions under climate change, as demonstrated in Ishida et al. (2020). Additionally, five spatially
independent predictors (moon and sun altitude and azimuth, and mean sea level) complement the forcing data set.
Solar and lunar altitude and azimuth are used as scalar inputs for the surrogate model to learn the tidal signal and
its interaction with slowly varying mean sea level directly from the data.

The number of time steps 7 (time window for inputs) and the spatial extent of atmospheric gridded variables, that
is, the bounding box of (n,m) grid cells, are treated as the problem's hyperparameters to tune. We test
T ={6—,12— ,24— ,240 — h}, and (n,m) = {(1,1),(6,6),(4,15),(10,15)}, representing four different
bounding boxes of increasing spatial extent as displayed in Figure 1. The choice of the spatial extent of the at-
mospheric forcing domain represents an important trade-off between the physical representativeness of inputs and
computational feasibility. Enlarging the atmospheric bounding box increases the dimensionality of the input
tensors quadratically, leading to a rapid growth in memory requirements and training cost. While parallel
computing enables fast training and inference, memory saturation becomes a limiting factor beyond a certain
spatial extent, imposing constraints on batch size and model depth. The selected bounding box therefore reflects a
compromise between atmospheric representativeness, model complexity, and numerical efficiency.

2.3. Model Training and Fine-Tuning

We build the function Fy in Equation 1 using neural networks. We experiment with four architectures differing in
their handling of spatio-temporal dependencies: a Feed Forward Neural Network (FFNN), two convolutional
networks (2D and 3D), and a Long Short-Term Memory (LSTM) network. The optimization of parameters € is
performed using the Adam gradient descent algorithm (Kingma & Ba, 2014). The training framework consists of
two stages (Figure 2):

1. The first phase is the comparative evaluation of the performance of different models trained on the historical
reanalysis data set, by testing different configurations of the spatio-temporal domain of the inputs, that is, time
window T and grid cells (n, m) in Equations 1-3, and two different loss functions (see next Section 2.3.1);

2. The second phase is the fine-tuning of the model (Weiss et al., 2016) and future projection generation; for the
fine-tuning, the best-performing model selected over the reanalysis data set is retrained using the historical
simulations of the GCM model (CMCC-CM2-VHR4), by applying a smaller learning rate, and the fine-tuned
model is run in inference mode using the GCM projection over the future period; the future surrogate pro-
jection is finally validated against the GTSM output available using the same GCM future forcings.
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The fine-tuning is performed to adjust the model to the different spatio-temporal structures of the ERAS rean-
alysis compared to the CMCC-CM2-VHR4 projections. To select the best surrogate model, we evaluate the
performance with overall regression scores and scores on estimated return levels based on Extreme Value
Analysis (EVA). We train the model on the reanalysis data set using k-fold cross-validation (with k = 5) and a
fixed test set of 5 years (1980, 1995, 2006, 2010, 2015), selected to capture a representative range of diverse
atmospheric and storm-surge conditions, while not being affected by any large-scale climate regime or trend. As a
result of the k-fold cross-validation, the training produces an ensemble of 5 models.

2.3.1. Loss Functions

The surrogate model is trained by minimizing a loss function over the N time steps of the training set using
gradient-based optimization. To evaluate the performance of surrogate models across both average and extreme
regimes, we initially examined several candidate loss functions, including the Mean Squared Error (MSE),
Quantile Loss (QL), Expectile Loss (EL), and a linear combination of quantile and expectile losses. Based on
empirical evidence of their ability to optimize and balance overall accuracy (i.e., over average conditions) and the
representation of extremes (see Figure S2 in Supporting Information S1), we selected two loss functions for
detailed comparison within the proposed framework: (a) the Mean Squared Error (MSE) as a baseline, as it
optimizes overall accuracy but performs poorly on extremes, and (b) a linear combination of QL and EL, referred
to as the Weighted (sum of) Quantile and Expectile (WQE) loss, which enhances the representation of extremes
while preserving overall performance (comparable to MSE).

The MSE, widely adopted for regression tasks, targets the conditional mean of the output distribution. For our
bivariate output—tide and surge components—the MSE is formalized in Equation 4 and serves as the baseline
loss function, consistent with previous machine learning applications to storm surge modeling (Harter et al., 2024;
Ishida et al., 2020; Jiang et al., 2024). By minimizing the MSE, the model targets the conditional expected value of
the output variable. Given our bivariate output, including tide and surge components (Equation 1), the MSE can
be defined as:

N N
MSE = %Z (yitide _ Ayl_tide)2 + %z (yisurge _ SlisurgE)Z (4)
i=1

i=1

On the other hand, aiming to improve the representation of the right tail of the surge distributions while preserving
overall performance, we adopt a novel custom tilted loss function defined as a weighted sum of quantile and
expectile losses, termed the WQE loss. QL regression targets the conditional quantile of the output variable, by
minimizing the QL function (Equation 7) such that 100 - % of the observations lie below the predicted value ¥,
where 7; denotes the target quantile (Koenker & Hallock, 2001). Expectile Loss (EL), targets the conditional
expectile defined by 7, through a smooth, squared, asymmetric loss (see Equation 8), which makes it more
sensitive to large deviations and tail values (Bellini & Di Bernardino, 2017; Newey & Powell, 1987). Empirical
results show that EL outperforms QL in representing extremes while maintaining lower overall error, as shown in
Figure S2 of Supporting Information S1.

Our proposed WQE loss combines QL and EL into a single objective function by a linear combination of QL and
EL (Equation 6), and remains tilted for 7, > 0.5 with a relatively large coefficient w, applied to the expectile term,
thereby penalizing underestimation of the target variable. Related approaches based on weighted combinations of
quantile and expectile losses were recently proposed in the literature, albeit with different estimation target
(Atanane et al., 2025). Although the WQE loss does not explicitly target either the conditional quantile or the
conditional expectile, it empirically yields improved performance in representing extreme values, for example,
100-year return period levels (similarly to EL), while simultaneously improving MSE, outperforming both QL
and EL on average conditions (Figure S2 in Supporting Information S1).

To specifically target the right tail of the distributions, the linear weights of the quantile (w;) and expectile (w,)
components are set to w; = % andw, = %, with 7; = 0.25 and 7, = 0.82. These parameters are selected through
a trial-and-error procedure aimed at maximizing tail performance without degrading average accuracy (see Figure
S3 in Supporting Information S1 for a sensitivity analysis with respect to 7,). For large error magnitudes, the
expectile component becomes dominant, leading to a stronger penalization of underestimation, while the penalty
smoothly vanishes as the error approaches zero (see Equation 6 and the graphical illustration of alternative

LONGO ET AL.

7 of 19

85U80|7 SUOWLOD A0 8|qedljdde ays Aq pausenob are sajofe YO ‘8sn JO S9N 10} Ar1q1T 8UIUO A8]IM UO (SUOIPUOD-PUe-SWBIWI0D A8 1M ARe.q 1 Bu[UO//SdnY) SUORIPUOD pue swie 1 8y} 88S *[9202/€0/62] Uo Ariqiauluo A(IM ‘ Bead N1 -S3ead aor Aq 220200435202/620T 0T/10p/uiod A 1m Arelqijeutjuosqndnfe//sdny woy pepeojumoq ‘€ ‘9202 ‘22278262



V od |
AGU

ADVANCING EARTH
AND SPACE SCIENCES

Earth's Future 10.1029/2025EF007072

asymmetric loss functions in Figure S4 of Supporting Information S1). Compared to standard MSE regression,
WQE regression systematically reduces peak underestimation, a behavior that directly addresses a known lim-
itation of MSE-based approaches (Gupta et al., 2009; Harter et al., 2024). The WQE loss function is defined as
follows:

N N
WQE — %2 p(yitide _ jli[ide) + %Zp(yisurge _ jlisurge) (5)
i=1 i=1

where:

pe) = wip(e) + warpy(e) (6)

=1 = 0
e = (r;— De €<0

1252 e>0
9a(e) = , (®)
(1 - Tz)é’ <0

2.3.2. Hyperparameter Tuning

We evaluate multiple hyperparameter combinations (see Table S1 in Supporting Information S1) to identify the
optimal network architecture. We select the hyperparameters via trial and error, minimizing the loss function on
both the validation and training set. When the performance difference between alternative configurations is
negligible, we select the model with fewer parameters to favor the simplest and efficient models. In addition, to
increase model generalization and limit overfitting, we select hyperparameters that minimize the difference
between loss functions in training and test sets. The relevant MSE scores for the hyperparameter selection on
training and validation sets are reported separately for each architecture in Supporting Information: FFNN (Table
S2 in Supporting Information S1), Conv (Table S3 in Supporting Information S1), Conv3D (Table S4 in Sup-
porting Information S1), and LSTM (Table S5 in Supporting Information S1).

2.4. Extreme Value Analysis

Extreme storm surge events (particularly positive extremes) represent valuable information to design effective
adaptation strategies, alongside projections of mean sea level rise. To evaluate the goodness of the model in
reproducing positive storm surge extreme values, we perform a Peaks Over Threshold (POT) analysis by fitting a
Generalized Pareto Distribution (GPD) (Equation 9)—a flexible distribution used to model exceedances over a
high threshold—and compare the right tail behavior of our surrogate model with that of GTSM outputs.
-1

P(YSy)=1—(l+%y>5 ©)
To estimate the shape and scale parameters (¢ and o) of the GPD, we use the Maximum Likelihood Estimation
method. For the POT analysis, we set the threshold to the 99th percentile of the distribution (computed over the
whole period of interest), as in Muis et al. (2023), and we apply a 24-hr window for de-clustering to isolate the
highest peak from each extreme storm surge event. To estimate the confidence intervals of the fitted distribution,
we apply bootstrap resampling with 1,000 iterations from the original storm surge extremes samples (Qi, 2008).
To assess the goodness of the surrogate model to emulate extreme events, we compute the bias of return value

estimates. The return value is the level associated with a given return period 7(-) (Equation 10). The return period
for a given return value y can be defined as:

- 1
T(y) = m (10)
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To compute the yearly return period, we use 4 equal to the annual frequency based on the number of independent
extreme events from the POT analysis (Lin et al., 2016).

2.5. Model Evaluation

Model performance is evaluated using four complementary metrics: Mean Squared Error (MSE), Quantile Loss
(QL) for the quantile 0.9, Root Mean Squared Error (RMSE), and additive bias. MSE and RMSE quantify the
average performance of the regression. RMSE is included for comparability with prior studies on data-driven
storm surge modeling, and references therein Harter et al. (2024); Hermans et al. (2025); Kaufmann
et al. (2024), and to provide a physically interpretable error metric in meters. The Quantile Loss evaluates how
closely the model estimates a higher output value specifically close to the 0.9 quantile of the conditional output
variable (thus the tendency to overestimate values). The additive bias is included to assess overestimation or
underestimation of the model providing a physically interpretable metric in meters.

For the astronomical tide component, considered deterministic and bounded for a given mean sea level, we restrict
evaluation to MSE and RMSE metrics. For the storm surge component, we supplement regression scores with
Extreme Value Analysis (EVA) metrics to quantify the surrogate's ability to reproduce high-return period events.
We select the best-performing model based on a trade-off between overall regression accuracy and fidelity in
estimating extreme return levels. The ERAS-based training uses 5-fold cross-validation, producing an ensemble
of five surrogate models whose average performance serves as the benchmark. For future projections, we directly
compare surrogate predictions against GTSM outputs, quantifying improvements due to fine-tuning and evalu-
ating differences between MSE- and MQE-trained models. Finally, we assess the projected changes in return
levels for selected periods and validate against GTSM projections.

3. Results and Discussion

We first investigate the influence of the spatio-temporal domain size—defined by the number of grid cells in the
bounding box and the number of time steps—on the performance of the selected models across the four archi-
tectures (FFNN, Conv, Conv3D, LSTM). This analysis is conducted over the historical period using ERAS
reanalysis data (see Figure 2). Second, we focus on the best-performing model identified in the first phase, and
evaluate its ability to project extreme values. We compare performance with and without fine-tuning, to evaluate
the model transferability to climate projections. Overall, the Results and Discussion section is structured ac-
cording to the two-step framework depicted in Figure 2.

3.1. Model Evaluation on the Historical Reanalysis

Since tide levels are driven solely by astronomical forcing and mean sea level (which remains constant across the
spatial domain considered), the regression performance for tides is unaffected by the spatial extent and improves
only as the temporal window increases. The FFNN architecture achieves the best performance for tide prediction,
witha 1 X 1 bounding box and a time window of 240 hr, yielding the lowest MSE scores on the test set (Table S6
in Supporting Information S1). This finding is consistent with previous studies (Ishida et al., 2020). The resulting
tide model achieves a test RMSE of 3.6 cm, which aligns closely with existing benchmarks for data-driven tide
forecasts, where RMSE values typically range between 3.6 and 4.9 cm (Yang et al., 2020; Zhang et al., 2023).

In contrast to tide levels, the regression accuracy for storm surge is highly sensitive to the spatiotemporal domain
(Figure 3), consistently with previous findings (Tiggeloven et al., 2021). Model performance improves as the size
of the spatiotemporal input domain increases, with average scores on the test set showing substantial gains
(Figure 3). All four architectures achieve their best results with a spatial domain of 10 X 15 grid cells and a
temporal window of 24 hr, that is, the largest spatiotemporal extent considered for the three-dimensional input
domain. Across all architectures, expanding the input domain from 6 X 6 grid cells and a 6-hr time window to
10 X 15 grid cells and 24 hr yields an average improvement of 58% in MSE and 31% in QL when using MSE loss
and 52% in MSE and 34% in QL when using WQE loss.

All architectures perform comparably well on the test set for both MSE and QL scores, although the 2D and 3D
convolutional networks exhibit slightly superior performance, achieving improvements of up to 10%. A com-
parison of models trained separately with the two loss functions (Figures 3a and 3b) reveals that MSE-trained
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Figure 3. Comparative evaluation of surrogate model performance across different spatio-temporal input configurations with heatmaps showing the MSE (a) and QL
(b) scores on the test set for different bounding box (bbox) sizes and time steps. The scores are computed for the FFNN, conv, conv3D and LSTM models ensembles.
Both panels (a, b) show the scores for models trained with MSE loss (upper row) and WQE loss (lower row). The bounding box (bbox) sizes considered are: 1 X 1 (11),
6X6(66),4 % 15 (415),and 10 X 15 (1015) grid cells. The 1 X 1 spatial domain is used only with FENN and LSTM models, and the 240 hr time step is used only with the

1 X 1 spatial domain.

models achieve 14% lower MSE scores relative to WQE-trained models, while WQE-trained models produce
25% lower QL scores than their MSE-trained counterparts.

Among the architectures, the 2D convolutional network emerges as the best-performing model for storm surge
estimation with both metrics. Notably, the lowest RMSE of 4.5 cm is achieved by the 2D convolutional model
trained with the MSE loss function.

To estimate the total water level (defined as the sum of tides and storm surges), different models can be selected to
optimize the accuracy of each component, that is, using the FFNN for tides and the 2D convolutional network for
storm surges—and their outputs combined (see Figure S5 in Supporting Information S1). This approach achieves
the lowest average RMSE for total water level at 5.7 cm on the test set. State-of-the-art neural network models for
surge and total water level regression typically target either gauge observations (Ishida et al., 2020; Kaufmann
et al., 2024) or outputs from dynamic models (Ayyad et al., 2023; Xie et al., 2023). These studies often focus on
either surrogate modeling for simulation tasks (Ayyad et al., 2023; Harter et al., 2024; Ishida et al., 2020;
Kaufmann et al., 2024; Tadesse et al., 2020) or forecasting applications (Ramos-Valle et al., 2021; Xie
et al., 2023). Reported RMSE values in state-of-the-art studies range from 1 to 8 cm globally, and from 3.5 to
8.5 cm specifically along the New York City coastline (Ayyad et al., 2023; Ramos-Valle et al., 2021). Despite the
diversity of data-driven frameworks and case studies in the literature, our RMSE values for storm surge (4.5 cm)
and total water level (5.7 cm) are comparable to existing benchmarks.
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Figure 4. Bias for each interval along the storm surge distribution. Solid horizontal lines represent the score over the entire
data set. Dashed vertical lines represent the 99th percentile of the distribution which is used as threshold for the POT extreme
analysis.

Although the two loss functions produce broadly similar results and lead to consistent conclusions regarding
optimal hyperparameters and spatiotemporal domain size, their performance diverges across the range of storm
surge magnitudes (Figure 4). Overall, the models tend to overestimate negative surge values and underestimate
positive ones, with the magnitude of both biases increasing proportionally to the absolute surge value. A similar
bias pattern has been reported in other case studies (Harter et al., 2024). Compared to the MSE loss, the WQE loss
tends to further overestimate negative surge values but mitigates the underestimation of positive ones. This
difference in bias is roughly proportional to the absolute surge magnitude, reflecting the variability of the con-
ditional distribution for larger absolute values. Consequently, the WQE-trained models substantially offer more
accurate estimates of storm surge extremes, which is crucial for informing coastal adaptation planning.

The bias in the 10- and 100-year return period (RP) storm surge estimates is sensitive to the size of the spatio-
temporal input domain. In general, the accuracy of 10- and 100-year RP estimates improves as the input
domain expands, with the notable exception of the LSTM model, which shows no reduction in bias with
increasing spatial extent (Figure 5). Despite substantial variability in EVA bias scores, the FFNN, 2D con-
volutional, and 3D convolutional models exhibit a consistent reduction in the underestimation of return values
when trained on the largest spatio-temporal domains, although a saturation of performance is visible for the two
largest spatial domains (from 4 X 15 to 10 X 15 grid cells, with 24 hr time window).

The MSE and WQE loss functions also produce distinct patterns in return value estimation. Models trained with
the WQE loss demonstrate lower bias on extremes compared to MSE-trained models, in line with the im-
provements across the full storm surge distribution (Figure 4). Performance further varies by architecture, with
WQE-trained convolutional models—particularly the 2D one—achieving superior accuracy in estimating 10- and
100-year RP extremes by reducing underestimation of return values. Taken together, regression and EVA ana-
lyses identify the 2D convolutional model as the best, achieving both the highest overall regression accuracy and
the most reliable return value estimates.

The 2D convolutional model trained with the WQE loss function substantially reduces the underestimation of
return values compared to the MSE loss, improving estimates by 59%-97% across return periods from 1 to
1,000 years. This best-performing model achieves the most accurate representation of extremes, with
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Figure 5. Comparative evaluation of surrogate model performance across different spatio-temporal input configurations with heatmaps showing the bias on 10-year
Return Period (RP) events (a) and 100-year RP events (b) on the test set. The scores are computed for the FFNN, conv, conv3D and LSTM models ensembles. Both
panels (a, b) show the scores for models trained with the MSE loss (upper row) and the WQE loss (lower row). The bounding box sizes considered are: 1 X 1 (11),6 X 6
(66),4 %X 15 (415), and 10 x 15 (1015) grid cells. The 1 X 1 spatial domain is used only with FFNN and LSTM models, and the 240 hr time step is used only with the 1 X 1

spatial domain.

underestimations of return values of only 3.4%, 2.9%, 3.7%, and 0.2% for the 1-, 10-, 100-, and 1,000-year RPs,
respectively, over the historical period (Figure 6). Furthermore, relative to the MSE-trained models, the WQE-
trained model reduces the underestimation of the upper bound of the 95% confidence interval by 61%, 63%,
77%, and 99% for the same return periods. Overall, adopting the WQE loss function yields more conservative
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Figure 6. Comparison of the bias of extreme return values estimates from 1 to 1,000-year RP for the best model ensemble
obtained with the MSE loss function (a) and WQE loss function (b) over the historical period. The EVA results here refer to
the reanalysis data, with EVA performed on the validation and test set together.
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Table 1 estimates of surge peaks, mitigating the underestimation of the most severe
Comparison of MSE, OL, and RMSE Scores on the Projected Storm Surge low-probability events. The convolutional model trained with WQE on a
Time Series for Surrogate Models and Fine-Tuned Surrogate Models 10 x 15 spatial grid and a 24-hr temporal domain is identified as the best-
Trained Using Either the MSE or WQE Loss Function performing architecture when considering both regression scores and
Model MSE QL RMSE extreme value estimates. The return value bias scores for the 1-, 10-, 100-, and
Surrogate MSE 0.0048 0.0268 0.0694 1,000-year R?s are —2.2, —3.1., —2.8, an.d.—O..6 cm, re.spectlvely. Notably, the
S WOE 0.0047 0.0187 0.0685 10-year RP bias of —3.1 cm is competitive in magnitude to that of GTSM,
urrogate WQ ' ’ ' which shows an average bias of —10 cm for 10-year RP events when eval-
Surrogate MSE fine-tuned 0.0040 0.0197 0.0634  yated globally against the tide gauge network (Muis et al., 2020).
Surrogate WQE fine-tuned 0.0045 0.0152 0.0673

3.2. Fine Tuning and Future Projection

We assess the performance of models trained with both MSE and WQE loss

functions under future scenarios to determine whether the advantages of the
WQE-trained model observed on historical reanalysis data persist in projections. For this purpose, we use at-
mospheric forcing projections from the HighResMIP experiment with the CMCC-CM2-VHR4 global circulation
model (GCM), consistently with the forcing used in surge projections with GTSM. We also compare the models
derived from hyperparameter tuning on the reanalysis data set with their counterparts fine-tuned on the historical
simulation of the GCM. Fine-tuning is performed to adjust for minor discrepancies between the spatio-temporal
domains of the GCM projections and the reanalysis data. To ensure consistency in spatio-temporal resolution, the
GCM projections are linearly interpolated to match the reanalysis grid and temporal resolution used in the training
phase. The fine-tuning process improves performance in future scenarios for both MSE- and WQE-trained
models (Table 1). The improvement from fine-tuning is more pronounced for the MSE-trained model than for
the WQE-trained model. Specifically, performance gains for the MSE- and WQE-trained models are 16.7% and
4.3% in terms of MSE score, 26.5% and 18% for QL, and 8.6% and 1.8% for RMSE, respectively. Across all three
metrics (MSE, QL, and RMSE), fine-tuning enhances predictive performance while preserving the relative
differences between MSE- and WQE-trained models established during the initial hyperparameter tuning phase.

Figure 7 illustrates the four highest storm surge peaks in the future trajectory for the four models compared in
Table 1. The trajectories highlight the differences in estimates across models, with the WQE-trained model
showing a clear tendency to reduce the underestimation observed in the MSE-trained model, in some cases
shifting toward a slight overestimation. This behavior aligns with the performance scores and EV A results, which
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Figure 7. Storm surge peaks projections of the four highest peaks in the 20162050 horizon simulated with the CMCC-CM2-VHR2 GCM. Comparison between fine-
tuned models (solid lines) and models obtained at the first step (dashed lines); models are trained either with the MSE loss (orange lines) or the WQE loss (purple lines).
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Figure 8. Comparison of bias of future return values estimates, with the fine-tuned models (solid lines) and the models
obtained at the first step, without fine-tuning (dashed lines); the models are trained with either the MSE (orange lines) or the
WQE loss function (purple lines).

quantify the improved handling of extremes by the WQE model. The divergence between the two loss functions
becomes particularly evident at surge peaks where the conditional probability distribution exhibits higher vari-
ance, as the WQE result and expected value (MSE) diverge more substantially.

The model trained with the WQE loss function delivers more accurate estimates of return values in future pro-
jections as well (Figure 8). Consistent with the overall regression score results, fine-tuning both models on the
historical GCM simulation also enhances their accuracy in estimating return values. Notably, the WQE fine-tuned
model produces estimates that are closer to the actual return period values and associated confidence intervals
from the GTSM reference projection. The WQE-trained model provides a better representation of extremes even
without the fine-tuning step, outperforming the MSE-trained model after fine tuning. When fine tuning is applied,
the WQE-trained model achieves a substantially larger improvement in extreme-value representation, with
average bias reductions of 43% and 73.7% for the MSE- and WQE-trained models, respectively, across the 10- to
1,000-year return periods (Figure 8).

Finally, given the superior performance of the WQE-trained and fine-tuned model, particularly in projecting
extreme events, this model is better suited than the MSE-trained and non-fine-tuned counterpart for assessing
changes in extreme return values between the historical reanalysis and future projections (Figure 9).

Assuming time-invariant model bias—a reasonable assumption supported by the results in Figures 6 and 8—the
surrogate model enables direct estimation of projected changes in return period events for the considered GCM
scenario. For both storm surge and storm tide, the surrogate model reproduces trends closely aligned with GTSM
results (Figures 9a and 9b). Specifically, the storm surge projections of GTSM and the surrogate models show
changes of +15% (GTSM) and +16% (surrogate) for the 1-year RP, +11% and +11% for the 10-year RP, +1.7%
and 4+0.01% for the 100-year RP, and —9.5% and —13% for the 1,000-year RP event, respectively. Similarly, for
storm tide return values, the projected increases are +6% (GTSM) and +9% (surrogate) for the 1-year RP, +12%
and +13% for the 10-year RP, +19% and +16% for the 100-year RP, and 28% and 18% for the 1,000-year RP
event (Figure 9). Future storm surge projections show a moderate increase in event heights for return periods up to
100 years, while events with return periods longer than 100 years tend to decrease in magnitude. This difference
can be due to the presence of an extremely rare event in the historical reanalysis (Hurricane Sandy, 2012), which
influences the estimation of extreme return levels. On the other hand, for the projected storm surge, return levels
with the same magnitude are extrapolated using the GPD distribution. For storm tide, the differences across return
periods are higher. This behavior can mainly be attributed to changes in the astronomical tide height together with
the random timing between tide and surge in the projected series, which likely leads to higher estimated extreme
events. It is important to note that future projections obtained with the neural-network surrogate closely reproduce
the response of the GTSM model under climate forcing, capturing projected trends and variability in extreme
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Figure 9. Changes in return values from historical reanalysis period (dashed line) to future projection period (solid line) for the GTSM simulation (a) and the surrogate
model trained with the WQE loss (b), both forced by the same GCM projection. Results are shown for both storm surge (upper row) and storm tide (lower row). Shaded
areas denote the 5%—95% confidence intervals. Text annotations indicate the absolute changes in return level (in meters) for selected return periods, with positive values
indicating increases and negative values indicating decreases.

events (with comparable uncertainty ranges). Projected changes in extreme water levels therefore reflect the
behavior of GTSM and are not intended to provide an independent physical interpretation derived from the
surrogate itself. Detailed analyses of future projections, including results for the same case study, are provided in
Muis et al. (2020), while further discussion of key findings and differences across HighResMIP GCM projections
is presented in Muis et al. (2023).

This strong agreement highlights the consistency of the surrogate model in emulating hydrodynamic outputs,
demonstrating its potential for efficiently estimating projected changes in storm surge risk under future scenarios.
Once trained on historical simulations, the surrogate model offers two key advantages over physics-based models
like GTSM.: (a) a significant reduction of computational cost, and (b) a greater flexibility to focus on specific local
targets. However, our results show that fine-tuning the surrogate on each climate model using corresponding
hydrodynamic simulations is critical to maintain high accuracy under future forcings. This requirement limits
model transferability and presents a barrier to scaling ensemble projections across multiple GCMs (especially
when hydrodynamic simulations are not available)—unless surrogate models can be enhanced to generalize
without climate model-specific retraining.

4. Conclusions

Storm surge modeling is computationally intensive, often requiring substantial time and computing resources that
limit its feasibility for ensemble generation and large-scale applications. Al-based surrogate models offer a
promising, time-efficient alternative to traditional physics-based dynamical models. However, existing Al
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surrogates in the literature tend to underestimate storm surge extremes, and their accuracy under future climate
scenarios remains largely unexplored.

In this work, we present a globally applicable framework for developing storm surge and tide surrogate models of
the Global Tide and Surge Model (GTSM). For the first time, we leverage the global surge projections produced
by GTSM, forced with both historical reanalysis data and HighResMIP climate scenarios, to train and evaluate Al
models. We demonstrate the effectiveness of this framework through a case study in New York City (NYC),
selected for its high exposure to coastal flood risk, complex tidal and surge dynamics, and its status as a well-
studied benchmark for comparison with state-of-the-art models.

Using ERAS reanalysis data, we assess the sensitivity of different surrogate model architectures to the spatio-
temporal input domain, evaluating both regression accuracy and the ability to predict extreme events. Leveraging
HighResMIP simulations from the CMCC-CM2-VHR4 global climate model, we project storm surge and storm
tide trajectories and return levels through 2050, comparing surrogate predictions with GTSM projections. Two
loss functions are tested during neural network training: Mean Squared Error (MSE) and the linear combination of
QL and EL, referred to as the Weighted (sum of) Quantile and Expectile (WQE) loss. The WQE-trained model
emphasizes performance on extremes, showing a reduction in the underestimation of positive extremes when
compared with the MSE-trained model. We also evaluate surrogate performance in regression and extreme value
estimation under future climate forcing using GTSM projections.

Our results reveal three key findings: (a) Larger spatiotemporal input domains improve both regression accuracy
and extreme event estimation, with convolutional architectures outperforming FFNN and LSTM models,
particularly for extreme levels. (b) The asymmetric WQE loss function effectively reduces the underestimation of
extremes, outperforming MSE in return value predictions. (c) When fine-tuned on historical GCM simulations,
the surrogate model maintains consistent performance under future scenarios, closely matching GTSM-projected
changes in return levels.

In summary, this work demonstrates that Al-based surrogate models can deliver reliable storm surge projections,
including extremes, when trained with an appropriate loss function and fine-tuned on climate model data.
Although the present surrogate model relies on locally sampled atmospheric drivers, this setup does not explicitly
capture large-scale dynamics, such as basin-scale pressure gradients. Future development could incorporate large-
scale drivers at a coarse-resolution or circulation indices as predictors, to better represent large-scale dynamical
drivers. The proposed framework, based on globally available data sets, is potentially transferable to other lo-
cations and can support practical applications in coastal adaptation planning. Under the current formulation, once
trained, our surrogate model remains location-specific, as it is not trained by providing local morphological
information, but implicitly learns the storm-surge dynamics of the training location. Further work could inves-
tigate the transferability of our surrogate or similar models when informed with location-specific, morphological
information on bathymetry and coastal geometry. Nevertheless, our findings indicate that surrogate model per-
formance is sensitive to GCM-specific characteristics of the forcing data, highlighting current limitations in cross-
model transferability. While fine-tuning with historical simulations from the target GCM substantially improves
performance under future scenarios, the fine-tuning requirement may limit the operational use of surrogates in
multi-model ensemble frameworks, especially for GCMs lacking historical simulations with hydrodynamic
models such as GTSM. Addressing these limitations will require dedicated research on generalization strategies
aimed at reducing dependence on model-specific tuning. Future research should also extend this analysis to
additional case studies and GCMs to develop regional and ensemble-based Al models for robust climate risk
assessments.
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