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Abstract. Consistent global datasets of storm surges and waves are essential for assessing coastal vulnerability under changing
coastal hazard conditions. Building on the global coupled hindcast, we present an enhanced hazard-oriented dataset of storm
surges and bulk and spectral peak wave parameters spanning 1950-2023. Modelled significant wave heights from the hindcast
are bias-corrected using satellite altimetry observations, while storm-surge signals are derived from modelled sea surface
heights through frequency-based filtering. The dataset includes significant wave height, wave period, wavelength, mean wave
direction, directional spreading, and spectral characteristics of the three dominant energy peaks. We validate the corrected
significant wave heights against observations from 485 buoy locations and the derived storm surges against 550 tide gauges,
with particular emphasis on the upper tail of the distributions. For significant wave heights, the global median normalised bias
beyond the 95th percentile is —0.88 %, indicating that systematic errors in extreme wave conditions are largely removed. At
higher latitudes (30° N—65° N), where tide-gauge coverage is denser, storm surges show a median normalised bias beyond the
95th percentile of 2.62 % and a median correlation of 0.81, indicating that the modelling framework captures observed storm-
surge variability effectively in well-observed extratropical regions, while larger uncertainties remain in tropical and equatorial
regions. Additional event-based evaluation during tropical cyclones shows limited systematic bias in modelled peak wave
heights and surge levels. The resulting dataset provides a consistent global baseline for coastal hazard mapping, non-stationary
extreme value analysis, regional downscaling, compound-event assessment, and data-driven modelling applications. The

dataset (Wadalkar et al., 2026) is available at https://doi.org/10.2905/JRC.WOYPDCR.

1 Introduction
Coastal flooding driven by extreme sea levels (ESLs) is one of the most critical natural hazards (Wenzel et al., 2026; Koks et
al., 2019; Forzieri et al., 2016) affecting global coastlines (Kirezci et al., 2025; Wang and Bernier, 2025; Jevrejeva et al., 2023).

ESLs arise from the combined contribution of mean sea level, tides, storm surges, and wave-driven processes (Woodworth et
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al., 2021; Vousdoukas et al., 2018), and can lead to extensive inundation (Kirezci et al., 2020), shoreline erosion (Toimil et
al., 2020), and damage to coastal infrastructure (Vousdoukas et al., 2020; Nawarat et al., 2026). These impacts are particularly
relevant for low-lying coastal communities, ports, transport networks, and small-island or reef-fringed systems exposed to both
water-level extremes and energetic waves (Nicholls et al., 2021; Storlazzi et al., 2018; Vousdoukas et al., 2023). Beyond
coastal flooding, waves and storm-driven sea-level variability are also key variables for offshore engineering, navigation,
climate diagnostics, and the assessment of marine extremes. Long, spatially consistent datasets of waves and storm surges are

therefore needed for applications spanning coastal adaptation and risk reduction to open-ocean and offshore analyses.

Estimating the intensity and frequency of these hazards requires long, spatially consistent records of the relevant
drivers. Extreme value analysis (EVA) is commonly applied to observed records to estimate return levels and characterise rare
events (Watson and Lim, 2023; Wahl et al., 2017), with non-stationary approaches increasingly used to account for temporal
changes in extremes (Mentaschi et al., 2016). However, global in situ observations remain unevenly distributed, with sparse
coverage in many regions, frequent data gaps, and inconsistent record lengths. Numerical hindcasts help overcome these
limitations by simulating the physical processes controlling waves and sea levels over multi-decadal periods, providing
spatially continuous datasets suitable for regional and global hazard assessment (Muis et al., 2020; Wang and Bernier, 2025;

Dong et al., 2026).

A substantial effort has therefore been dedicated to developing global wave and storm-surge hindcasts (Muis et al.,
2020; Mentaschi et al., 2023; Aleksandrova et al., 2025). Coupled modelling frameworks are particularly valuable because
they represent interactions between hydrodynamics and waves more consistently than approaches in which the components
are simulated separately (Bakhtyar et al., 2020; Moghimi et al., 2020). Mentaschi et al. (2023) used a two-way coupled model
setup to produce a global hindcast of sea surface heights and waves forced by ERAS atmospheric reanalysis. The use of an
unstructured mesh enabled coastal resolutions of approximately 2 to 4 km while maintaining global coverage and
computational efficiency, leading to improved performance relative to earlier global hindcasts based on coarser grids or

uncoupled configurations (Mentaschi et al., 2017; Vousdoukas et al., 2018).

Despite these advances, additional processing is needed before such hindcasts can be used as analysis-ready global
datasets for ocean and coastal hazard applications. First, modelled significant wave heights may retain systematic biases,
particularly in the upper tail of the distribution, partly because atmospheric reanalyses such as ERAS5 can underestimate
extreme wind speeds (Campos et al., 2022; Bessonova et al., 2025). Satellite altimetry provides a globally consistent
observational reference for constraining wave-height distributions, and has been increasingly used to evaluate or bias-correct
wave model outputs, including under extreme conditions (Ribal and Young, 2019; Dodet et al., 2020; Alday et al., 2021).
Second, modelled sea surface heights must be processed to isolate storm-surge signals from low-frequency sea-level variability
and high-frequency oscillations unrelated to the target storm-surge component (Barbot et al., 2024; Park et al., 2022). Third,
comprehensive validation of global wave and surge products requires attention not only to standard time-series metrics but

also to the representation of distributions and upper-tail behaviour. This is increasingly enabled by the expanding availability
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of buoy observations, GESLA3 tide-gauge records, and distribution-focused performance metrics (Haigh et al., 2023;

Bessonova et al., 2025; Campos-Caba et al., 2024).

In this study, we build on the hindcast of Mentaschi et al. (2023) to produce an enhanced global dataset of storm
surges and bulk and spectral peak wave parameters for 1950-2023. We apply empirical quantile mapping to bias-correct
modelled significant wave heights using satellite altimetry (Liu et al., 2025), derive storm-surge signals from modelled sea
surface heights through temporal filtering, and provide integrated and spectral peak wave parameters including wave height,
period, wavelength, direction, and directional spreading. Preliminary validation identified a persistent residual bias in the
Mediterranean Sea following the global correction, which is addressed through an additional regional refinement. The resulting
dataset is distributed on the native unstructured global mesh and validated against observations from 485 buoy locations and
550 tide gauges, with emphasis on upper-tail performance and cyclone-associated extremes. It is designed to serve as a
consistent global baseline for wave-climate analysis, coastal and offshore hazard mapping, regional downscaling, data-driven
modelling, and non-stationary univariate or multivariate EVA of ocean extremes, including compound wave—surge events

(Bahmanpour et al., 2026).

2 Materials and methods

The workflow used to generate and validate the dataset is summarised in Fig. 1. Starting from the global coupled hindcast of
Mentaschi et al. (2023), two processing branches are applied. In the wave branch, modelled significant wave heights are bias-
corrected using satellite altimetry through empirical quantile mapping, while the remaining bulk and spectral peak wave
parameters are retained as part of the final dataset. In the sea-level branch, modelled sea surface heights are temporally filtered
to isolate the storm-surge signals. The resulting fields are then validated against independent observational datasets, including
buoy observations for waves and tide-gauge records for storm surges. The following subsections describe the input datasets,

processing steps, validation metrics, and final data structure.
2.1 Data sources
2.1.1 Model data

We use significant wave height (Hs) and sea surface height (SSH) fields from the 73-year global SCHISM-WWM-V coupled
hindcast developed by Mentaschi et al. (2023). The hindcast is based on a two-way coupled hydrodynamic and wave modelling
framework implemented on an unstructured global mesh, with coastal resolution reaching approximately 2—4 km in nearshore
regions. The outputs used in this study are available at 3 hourly temporal resolution. The model is forced by ERAS reanalysis
winds, sea-level pressure, and sea-ice concentration, providing continuous global coverage from 1950 onward. The Hs and
SSH fields serve as the input for the wave-height bias-correction procedure and the derivation of filtered storm-surge signals,

respectively.

2.1.2 Observational data
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Three observational datasets are used for bias correction and validation. Satellite altimetry is used as the reference dataset for
bias correction of modelled significant wave heights; in situ buoy observations are used for independent validation of corrected

wave heights; and tide-gauge records are used to validate the derived storm-surge signals.

For the satellite-based wave-height correction, we use the Copernicus Marine Service product “Global Ocean L3

Significant Wave Height From Reprocessed Satellite Measurements” spanning 20022020 (https://doi.org/10.48670/moi-

00176). This product provides along-track Level-3 significant wave heights derived from multiple satellite altimetry missions,
including Jason-1, Jason-2, Envisat, CryoSat-2, SARAL/AItiKa, and Jason-3. It builds on datasets developed under the ESA
Sea State Climate Change Initiative and provides near-global coverage. Previous evaluations have shown good agreement with
in situ buoy observations (Dodet et al., 2020; Pioll¢ et al., 2020), supporting its use as a consistent observational reference for
constraining global wave-height distributions. The relevance of satellite altimetry in extreme conditions is further supported
by Tamizi and Young (2024), who compiled a dataset of altimeter observations collocated with IBTrACS (International Best

Track Archive for Climate Stewardship) cyclone tracks to characterise wave conditions near tropical cyclones.

For independent validation of significant wave heights, we use in situ buoy observations. The primary source is the
global compilation of Bessonova et al. (2025), which includes measurements from 444 buoy locations worldwide selected
according to data availability and quality-control criteria. Buoys located in the Black Sea are excluded because the model
domain does not cover this region, and one additional buoy located in the Indian Ocean (10.89° N, 72.19° E) is removed
because of insufficient temporal overlap with the model output. Along the Italian coast, these observations are supplemented
and updated using records from the Rete Ondametrica Nazionale (RON), maintained by the Istituto Superiore per la Protezione
e la Ricerca Ambientale (ISPRA), which provide longer temporal coverage (1989-2023) and additional buoy locations. Further
observations are incorporated from Sri Lanka (Luo et al., 2018) and from additional sources, including the National Data Buoy
Center (NDBC), the European Marine Observation and Data Network (EMODnet), and the Copernicus Marine Environment
Monitoring Service (CMEMS). Following these updates and additions, observations from 485 buoy locations with at least

three months of overlap with the model period are used for validation.

For validation of storm surges, we use water-level records from the Global Extreme Sea Level Analysis dataset
(GESLA3; Haigh et al., 2023). GESLA3 provides long-term hourly sea-level observations with associated quality flags,
enabling the analysis of extreme water levels at tide-gauge locations worldwide. We select 550 tide gauges based on record
length and data quality, following the criteria adopted in the SurgeMIP framework (Wang and Bernier, 2025; Bernier et al.,

2024). These water-level records are processed to derive storm-surge residuals as described in Sect. 2.2.
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Figure 1: Schematic workflow for generating and validating the enhanced global wave and storm-surge dataset. Starting from

the coupled hindcast of Mentaschi et al. (2023), modelled significant wave heights are bias-corrected using satellite altimetry
130 through empirical quantile mapping, while storm-surge signals are derived from modelled sea surface heights through temporal
filtering. The corrected wave-height fields and derived storm surges are validated against in situ buoy and tide-gauge
observations, respectively. The final 3 hourly dataset spans 1950-2023 and is distributed on the native unstructured mesh
together with bulk and spectral peak wave parameters.

135 2.2 Data processing and bias correction

2.2.1 Bias correction of wave heights

Bias correction of model-derived significant wave heights (Hs) is performed using an empirical quantile mapping approach in
which model-derived Hs values are compared to satellite altimetry observations. The global ocean is divided into 0.5° x 0.5°

grid cells, within which model-derived and satellite-derived Hs values are collocated along available satellite tracks over
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coincident time periods. Percentiles are computed from the empirical distributions of the modelled and observed values at 0.1
% intervals over the percentile range 0.1-100 %. For each percentile p within a grid cell ¢, a bias correction factor (BCF) is

defined as the ratio of observed to modelled values.

Hsobs (p' C) (1)

BCF (p,¢) = —————
(p C) HSmodel (p: C)

where Hs,ps (p, ¢) and HsS,,0461 (P, €) denote the observed and modelled significant wave heights at percentile p within grid

cell ¢, respectively.

The resulting BCFs are used to adjust the model-derived wave heights. Corrections are primarily applied to higher
percentiles. For percentiles below the 50" percentile, a single correction factor, equal to the BCF estimated at the lower
boundary of the corrected range, is applied uniformly, ensuring continuity across the transition and avoiding artificial
discontinuities in the corrected distribution. This approach is motivated by previous findings that model biases are generally
small for lower wave heights but increase substantially toward the upper tail of the distribution (Mentaschi et al., 2023). This
behaviour is also evident in the comparison with buoy observations shown in Supplementary Fig. S1, where the original
hindcast reproduces low and moderate wave heights reasonably well, while deviations increase progressively toward the upper
tail of the distribution. Given that the primary objective of this dataset is to support the analysis of extreme events, emphasis

is placed on improving the representation of extreme wave conditions.

To reduce sampling noise and ensure a stable representation of the upper tail, BCF values at higher percentiles are
smoothed using a fifth-order polynomial fit. This provides sufficient flexibility to capture nonlinear behaviour in extreme
values while avoiding overfitting. Additional constraints are applied to ensure a smooth transition between corrected and
uncorrected percentiles and to limit unrealistic amplification at the highest percentiles. Tests using alternative smoothing
approaches, including Savitzky—Golay filtering, yielded comparable results, indicating that the correction is not sensitive to

the specific smoothing method.

The bias-corrected wave heights are obtained by multiplying the modelled percentile values by the corresponding
smoothed BCFs. The derived correction factors are assumed to be stationary within each grid cell and are applied uniformly
across the hindcast period (1950-2023). This procedure is applied within the latitude range 66° S—70° N. Regions outside this
range are excluded due to the presence of sea ice and the scarcity of reliable altimetric observations. The significant wave
heights associated with the partitioned spectral peaks are corrected using the same factors as those used for the total Hs,

ensuring consistency among the wave-height variables.
2.2.2 Filtering the storm-surge signal

The storm-surge signals are derived from sea surface height (SSH) time series for both the model output and observational

datasets. For the model data (Mentaschi et al., 2023), SSH is available at a temporal resolution of 3 hours, with tidal forcing
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excluded from the simulations. Therefore, the model output represents non-tidal residual water levels, and no detiding
procedure is required. To isolate the storm surge component, the time series is filtered to remove both low-frequency variability
associated with long-term sea-level changes and high-frequency noise. This is achieved using a combination of high-pass and
low-pass Butterworth filters following the methodology of Campos-Caba et al. (2024) and Park et al. (2022). A second-order
high-pass Butterworth filter with a cutoff period of 60 days is applied to remove low-frequency climatic signals. A second-
order low-pass Butterworth filter with a cutoff period of 12 hours is applied to remove high-frequency oscillations unrelated

to storm-surge dynamics.

For the observational data from GESLA3, which are provided at hourly temporal resolution and include tidal
contributions, storm surge residuals are derived. The mean sea level is first removed from the time series. The tidal component
is then estimated and removed using the pytides Python module, which performs harmonic analysis based on 37 tidal
constituents including K, O, M», and S,, using one-year segments of data. The resulting non-tidal residuals are subsequently
filtered using the same combination of high-pass and low-pass filters as applied to the model data. Before comparison, the

processed GESLA3 time series are aggregated to a temporal resolution of 3 hours by averaging consecutive hourly values.
2.2.3 Regional adjustment in the Mediterranean Sea

During validation of the bias-corrected model-derived significant wave heights (Hs) against in situ buoy observations, a
persistent negative bias of approximately 5 % was identified in the Mediterranean Sea. This discrepancy might be associated
with differences between satellite-derived wave heights and buoy measurements in semi-enclosed basins. To account for this
regional bias, an additional uniform adjustment factor of 1.108 is applied to the corrected Hs values within the Mediterranean
Sea. The adjustment factor is derived directly from the observed regional median bias relative to buoy observations. This
regional adjustment improves the representation of extreme wave conditions, which are critical for coastal hazard assessments
and the estimation of return levels in the Mediterranean region. The impact of the satellite-based correction and subsequent

Mediterranean refinement on both local and basin-scale performance is illustrated in Supplementary Fig. S1.
2.3 Performance metrics used for validation

The dataset is evaluated using a suite of statistical metrics with emphasis on the representation of extreme conditions relevant
to coastal hazard assessments. Since significant wave height (Hs) is strictly positive whereas storm surges can take both

positive and negative values, slightly different formulations are adopted for the two variables.
2.3.1 Performance metrics for waves

Standard statistical metrics include the Pearson correlation coefficient (r), normalised bias index (NBI), and normalised root

mean squared error (NRMSE). The Pearson correlation coefficient is defined as
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N
oL Z(Mi_#M)(Oi —uo) @
N — 14 Oy 0o
where M; and O; denote the modelled values from the dataset and observed values at common time step i, respectively;

and p, represent their mean values; o, and o, their standard deviations; N is the sample size.

The normalised bias index is defined as

N .(M;— 0, 3
NBI=W><100% @
i=10i

and the normalised root mean squared error (NRMSE) is defined as

“4)
NRMSE =

To assess the performance of waves under extreme conditions, normalised bias is also computed for values exceeding

the 95th percentile of observations (NBlys), defined as

Mys — Ogs 5
NBI, =% X 100 % ®)

95

where Mgy and Oo5 denote the average of values exceeding the 95th percentile in bias-corrected wave heights from
the dataset and observed distributions, respectively. Additional metrics based on the 99th percentile are provided in

Supplementary Fig. S3.

Further, the slope (m) and intercept () of the linear regression between the values in the dataset and observed values

are computed as
M =m0 +b (6)

To evaluate the agreement between the dataset derived from the model and the observed distributions, percentile-
based metrics are adopted following Campos-Caba et al. (2024). The mean absolute deviation of percentiles (MAD,) and the

corrected mean absolute deviation (MAD.) are defined as
MADp = |Mprc - Oprcl (7)

MAD. = MAD, + [M — O] ®)
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Percentiles from 0 % to 100 %, after every 1 % are represented by My, and O,,.. The additional term in MAD,

accounts for timing mismatches between peaks of values from the dataset and those from observations, thereby penalising

situations where the magnitude of extremes is reproduced but their temporal occurrence is displaced.

For comparison with the satellite product, model outputs are aggregated to 0.5° x 0.5° grid cells and metrics are

computed using coincident observations during the period 2002-2020.
2.3.2 Performance metrics for storm surges

For storm surges, correlation and error-based metrics are used. The standard normalised bias is not considered because storm
surges can take both positive and negative values; however, a percentile-based bias metric is computed for the upper tail of the

distribution.

The normalised RMSE is defined relative to the observed range,

/ ?’:1(Mi — Oi)z (9)
NRMSE = N _N

099 - 01

where Oq9 and 0; denote the 99" and first percentiles of the observed storm surge series, respectively. Thus, the

RMSE is normalised using the observed dynamic range at each location.

Similarly, the normalised bias beyond the 95" percentile is computed using exceedances above the respective
percentile thresholds of model- and observation-based distributions and normalised by the observed dynamic range.

Mys — Oos (10)

NBlge =—— X100 %
%7 (099 — 0y)

where Mys and Oy denote the average of values exceeding the 95th percentile in model-derived storm surges and
observed distributions, respectively. Supplementary Fig. S4 presents analogous metrics computed for exceedances above the
99th percentile. The remaining metrics are computed following the same definitions as for wave heights. These metrics are

estimated using the processed 3 hourly GESLA3 storm-surge time series described in Sect. 2.2.2.

Values approaching unity indicate better performance for correlation and regression slope, whereas values

approaching zero indicate lower errors for the remaining metrics.
2.3.3 Performance metrics for peaks during tropical cyclone events

To evaluate model performance under tropical cyclone conditions, event-based peak metrics are computed using
IBTrACS-based cyclone tracks from the dataset provided by Tamizi and Young (2024). For each cyclone event, observational
data are searched within the radius of gale-force winds (R34). If no observations are available within R34 | the search radius

is expanded to 1.2 times R34 , and subsequently to a maximum distance of 100 km from the cyclone track.

9
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For each matched cyclone event, the maximum observed and modelled values during the storm time window are
extracted and compared. Two metrics used, the peak bias (PB) and absolute peak difference (APD), are respectively defined

as:
PB = Mpeax = Opeak (1n

APD = |Mpeak - Opeakl (12)

where Myeqx and Oyq) are peak values from the present dataset and observations during the event, respectively.
These metrics provide a direct assessment of the ability of the model-based dataset to reproduce cyclone-associated extremes.
The event-based approach is adopted because cyclone hazards are primarily governed by peak conditions rather than long-

term statistics.
2.4 Dataset description

The final dataset is distributed in NetCDF format on the native unstructured mesh from Mentaschi et al. (2023) and is provided
as daily files covering the period 1950-2023. Each file contains the spatial coordinates of the computational nodes together
with sea surface height, significant wave height, and a suite of integrated wave parameters and spectral peak characteristics
derived from the spectral wave model. The dataset is stored as daily NetCDF files, each containing all 3 hourly values for the
corresponding day with names ending in the format: “ YYYYMMDD.nc” where YYYYMMDD denotes the corresponding
date. These variables support applications ranging from hazard assessment to wave climate studies and regional downscaling.

Table 1 summarises the variables included in the released dataset.

Variable name in Description Unit
NetCDF
X Node longitude °E
y Node latitude °N
SSH Storm surge m
SWH Significant wave height m
TO1 Mean period weighted on the spectral component energy $
T02 Zero-crossing mean period s
T10 Mean period for overtopping/runup s

10



255

260

https://doi.org/10.5194/essd-2026-598 @ Earth System O
Preprint. Discussion started: 18 August 2026 ¢ Science g
(© Author(s) 2026. CC BY 4.0 License. é §
sData:
MWL Mean wavelength m
MWD Mean wave direction, oceanographic convention °N
MDS Mean directional spreading °
SIC Surface ice concentration, given as ratio of ice on total surface (from ERAS5) | dimensionless
SWHP1 Significant wave height of the largest spectral peak m
TO1P1 Mean period of the largest spectral peak s
MWDPI1 Mean direction of the largest spectral peak °N
MDSPI Directional spread of the largest spectral peak °
SWHP2 Significant wave height of the second-largest spectral peak m
TO1P2 Mean period of the second-largest spectral peak S
MWDP2 Mean direction of the second-largest spectral peak °N
MDSP2 Directional spread of the second-largest spectral peak °
SWHP3 Significant wave height of the third-largest spectral peak m
TO1P3 Mean period of the third-largest spectral peak S
MWDP3 Mean direction of the third-largest spectral peak °N
MDSP3 Directional spread of the third-largest spectral peak °

Table 1. Variables included in the released NetCDF dataset, together with their NetCDF variable names, descriptions, and

units.

3 Validation of the dataset

3.1 Comparison with the Copernicus Marine Service satellite product

The performance of the bias-corrected model-derived significant wave heights relative to the Copernicus Marine Service

satellite product is shown in Fig. 2 using the metrics defined in Sect. 2.3. The global median NBI is 0.09 %, indicating that

systematic bias in the central tendency of the wave-height distribution has been largely removed. Residual negative biases are

mainly confined to high-latitude regions, where correction is not applied because of sea-ice contamination and associated

11
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uncertainties in satellite observations. It should be noted that the bias-correction procedure is applied only within the latitude
range 66° S—70° N.

The median NBIos is 2.67 %, indicating a modest positive bias in the upper tail of the distribution. This behaviour is
spatially diffuse and may partly reflect the smoothing applied to the bias-correction factors at high percentiles. The distribution-
based metrics yield global median values of 0.29 m for MAD, and 0.63 m for MAD.. Larger errors occur primarily in the
Southern Ocean, where both model and observational uncertainties are greater.

Overall, the comparison indicates that the bias-correction procedure substantially reduces systematic errors while

preserving the spatial structure of extreme wave conditions.

(a) Bias-corrected model vs satellite NBI (%) (b) Bias-corrected model vs satellite NBlgs (%)
Median: 0.09 % Median: 2.67 %
o ; 40 3 40
20 20
[ (1]
-20 -20
-40 -40
(c) Bias-corrected model vs satellite MAD,, (m) (d) Bias-corrected model vs satellite MAD. (m)
Median: 0.29 m 2.00 Median: 0.63 m 2.00
1.75 1.75
1.50 1.50
1.25 1.25
1.00 1.00
0.75 0.75
0.50 0.50
0.25 0.25
0.00 = 0.00

Figure 2: Global comparison of bias-corrected significant wave height (Hs) from the present dataset with Copernicus Marine
Service Level-3 wave heights. Panels show (a) normalised bias (NBI, %), (b) normalised bias beyond the 95th percentile
(NBlos, %), (c) mean absolute deviation of percentiles (MAD,, m), and (d) corrected mean absolute deviation (MAD., m).

Median values are shown for each metric.

3.2 Comparison with the in situ buoys

An independent validation of the bias-corrected wave heights from the present dataset against 485 in situ buoy observations is
shown in Fig. 3. At the median (Fig. 3a), the normalised bias (NBI) is 1.27 %, reflecting a limited residual bias relative to buoy
observations. At higher percentiles (Fig. 3b), the median normalised bias beyond the 95th percentile (NBlos) is —0.88 %. A
Wilcoxon signed-rank test applied to the per-buoy median biases (n = 485) yields p = 0.07. Thus, the null hypothesis of zero
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median bias cannot be rejected at the 5 % significance level, indicating that the observed median residual bias cannot be
distinguished statistically from zero. This, together with the small magnitude of the bias, suggests that systematic errors in the
upper tail of the wave-height distribution have been largely removed by the bias-correction procedure. At most of the buoy
locations, the NBI and NBIos values are close to zero, although localised positive biases remain in parts of East Asia and
Australia.

The distribution-based error metrics remain low across most locations, with median MAD, and MAD. values of 0.10
m and 0.40 m, respectively (Fig. 3c—d). MAD, values are below 0.2 m at approximately 82 % of buoy locations. The median
correlation across all buoy locations is 0.91, and correlations are greater than 0.9 at approximately 61 % of buoy locations.
Together with the low MAD, and MAD. values, these results demonstrate that the dataset reproduces both the distribution and

temporal variability of significant wave heights across a wide range of oceanographic conditions.

(a) Bias-corrected model vs buoys NBI (%) {b) Bias-corrected model vs buoys NBlgs (%)
20 20
60° N 15 60° N 15
10 10
30°N 30°N
5 5
0° 0 0° V]
-5 -5
30°S 30° S
-10 -10
60° S -15 60°S -15
; H -20 H =20
180° 120° W 60° W 0° 60° E 120° E 180° 180° 120° W 60° W 0° 60° E 120° E 180°
(c) Bias-corrected model vs buoys MAD;, (m) (d) Bias-corrected model vs buoys MAD, (m)
1.0 1.0
60° N 60° N
0.8 0.8
30°N 30°N
0.6 0.6
0° 0°
0.4 0.4
30°S 30° S
0.2 Median: 0.40 m| - 0.2
60° S 60° 5 N: 485
: : 0.0 : 0.0
180° 120°' W 60° W 0° 60° E 120° E 180° 180° 120° W 60° W 0° 60° E 120° E 180°

Figure 3: Global comparison of bias-corrected significant wave heights from the present dataset (Hs) against in situ buoy
observations. (a) Normalised bias (NBI, %), (b) normalised bias beyond the 95th percentile (NBlos, %), (c) mean absolute
deviation of percentiles (MAD,, m), and (d) corrected mean absolute deviation (MAD., m). Median values are indicated for

each metric.

Regional median performance metrics are summarised in Table 2. Regions were defined to group buoy locations into
geographically coherent ocean basins or coastal sectors with sufficient observational coverage to permit robust regional

statistics. The regional groupings used for this analysis are shown in Supplementary Fig. S2. Wave heights in the present
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dataset exhibit close correspondence in the Mediterranean Sea, North Atlantic—European sector, and along the eastern coast of
North America, whereas broader density distributions are visible at several locations in East Asia and Australia (Fig. 3; Table
2; Fig. 4). In Mediterranean Sea, the wave heights from the present dataset have a median correlation of 0.93 across the buoy
locations, median NBI effectively equal to zero, and median MAD, of 0.09 m following the regional adjustment described in
Sect. 2.2.3. The regional median MAD. value is lowest in the Mediterranean Sea (0.27 m), suggesting that the refinement
improves both the distribution and timing consistency relative to buoy observations. The correlations between the dataset and
observed wave heights at some locations are very close to unity, for example 0.96 at Ragusa (Fig. 4k). The improvement
achieved through the satellite-based correction and subsequent Mediterranean refinement is illustrated in Supplementary Fig.
S1. Similarly, across North European buoy locations, the dataset shows strong performance, with a median correlation of 0.93,
median NBI of 0.53 %, and median MAD,, of 0.09 m. In both regions, median NBI and NBIys values are not statistically
distinguishable from zero according to the Wilcoxon signed-rank test (p > 0.05).

The largest positive residual biases occur near the Korean Peninsula and along the western Australian coastline. For
Korea—East Asia region, median NBI and NBIos values are 9.7 % and 5.01 %, respectively. And, a median NBlos value of 9.66
% is obtained in the Western Australian region. These regional patterns are consistent with findings reported by Bessonova et
al. (2025), who identified positive biases in ERAS5-based wave products in parts of the western Pacific and southern Indian
Ocean. Such discrepancies may be associated with uncertainties in atmospheric forcing, unresolved regional coastal processes,

and the potential presence of bias in the satellite reference product.

Region Number of r NBI (%) NBIos (%) MAD, (m) | MAD. (m)
buoys (N)

Mediterranean Sea 41 0.93 —-0.00* 3.15% 0.09 0.27
North Europe 101 0.93 0.532 0.87° 0.09 0.47
East North America 145 0.92 0.67 -1.59 0.09 0.29
West North America 93 0.90 1.66 —2.67 0.10 0.45
North Indian Ocean 19 0.89 -0.67° -3.58°2 0.16 0.39
Korea—East Asia 32 0.90 9.75 5.01 0.13 0.42
West Australia 14 0.88 12.44 9.66 0.30 0.67
East Australia 11 0.86 1.81°2 —-1.55¢2 0.15 0.53
All 485 0.91 1.27 —0.88* 0.10 0.40

2 The corresponding median bias is not statistically distinguishable from zero according to the Wilcoxon signed-rank

test (p > 0.05).
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Table 2. Regional median performance metrics for bias-corrected significant wave heights in the present dataset
relative to buoy observations. Metrics include Pearson correlation coefficient (r), normalised bias (NBI), normalised bias
beyond the 95th percentile (NBlos), mean absolute deviation of percentiles (MAD,), and corrected mean absolute deviation

(MAD.). N denotes the number of buoy locations within each region.

Figure 4 presents scatter density comparisons between significant wave heights from the present dataset and those
from buoy observations at 16 representative buoy locations. The fitted slopes are generally close to unity, and the highest
densities remain concentrated around the 1:1 line, showing consistent reproduction of both the magnitude and variability of
wave conditions. Overall, the buoy validation demonstrates that the bias-corrected dataset reproduces significant wave heights

skilfully at the global scale, with localised uncertainties.
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Figure 4: Scatter density plots comparing bias-corrected significant wave heights from the present dataset (Hs) with buoy

observations at 16 representative locations, showing a 1:1 reference line, regression fit, and associated performance metrics.
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Key performance metrics, including normalised bias index (NBI), normalised bias beyond 95™ percentile (NBlos), mean

absolute deviation of percentiles (MAD,), and corrected mean absolute deviation (MAD.), are indicated for each location.

3.3 Comparison of model-derived storm surges with GESLA3 tide gauge observations

The performance of model-derived storm surges relative to storm-surge residuals derived from the selected GESLA3 tide
gauges is shown in Fig. 5. The upper panels present the correlation coefficient and normalised bias beyond the 95th percentile
(NBlys), while the lower panels show the distribution-based error metrics MAD, and MAD.. The median correlation across all
550 tide gauge locations is approximately 0.72. Similar to the source sea surface heights reported by Mentaschi et al. (2023),
validation performance of the storm surges in the present dataset varies with both latitude and ocean basin. Correlations are
generally higher, often exceeding 0.7, at mid- and high-latitudes, while lower values, frequently below 0.5, occur more often
in tropical and equatorial regions. The median NBIys is approximately 0.84 % and is not statistically distinguishable from zero
according to the Wilcoxon signed-rank test (p-value is close to 0.5 >> 0.05), although substantial regional positive and negative
deviations remain evident. The median MAD, and MAD. values are 0.014 m and 0.062 m, respectively, indicating that surge

distributions are reproduced within a few centimetres at most locations.

(a) Model-derived vs observed surge Correlation (b) Model-derived vs observed surge NBlgs (%)
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Figure 5: Global comparison of model-derived storm surges from the present dataset with storm-surge residuals derived from
GESLA3 observations at 550 tide gauge locations. Panels show (a) the Pearson correlation coefficient, (b) normalised bias
beyond the 95th percentile (NBlys, %), (c) mean absolute deviation of percentiles (MAD,, m), and (d) corrected mean absolute

deviation (MAD., m). Median values are indicated for each metric.
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The spatial distribution of the performance metrics reveals a clear dependence on latitude, ocean basin, and coastal
setting. The modelled surge shows a high association with observed surges along the North European coast, including the
North Sea, Baltic Sea, and northeastern Atlantic Ocean, as well as in the Mediterranean Sea. High correlations are also observed
along high-latitude North Pacific coasts, including Alaska and northern Japan (45° N—60° N), and along parts of the Tasman
Sea and New Zealand coast (Fig. 5; Fig. 6). In these regions, correlation values commonly exceed 0.8, while MAD, and MAD.
remain close to or below their global median values. Model performance against Mediterranean and North European tide-
gauge observations is characterised by median correlations of 0.83 and 0.86, with corresponding MAD,, values of 0.004 m and
0.018 m and MAD. values of 0.031 m and 0.081 m, respectively. In the Northern Hemisphere (30° N—-65° N), the model-
derived surges show a median correlation of 0.81 and median NBlos of 2.62 % relative to observed surges derived from 290
tide gauge locations, while the median of MAD, and MAD. there are very close to that of the global median.

At several mid-latitude tide gauge locations along the Atlantic coasts of South and North America, NBIos values
exceed 10 %, and MAD. values are greater than the global median of 0.062 m. Performance metrics of the storm surges in the
dataset generally improve from mid to high latitudes along both sides of the North Pacific basin, as similar metrics are obtained
at tide-gauge locations near Alaska and northern Japan. Likewise, the performance metrics along the South African coast
closely resemble those obtained along the western Australian coast at comparable latitudes on the opposite side of the South
Indian Ocean.

In tropical and equatorial regions (30° S—-30° N), correlations are generally lower (< 0.5), and NBlos values are
predominantly negative, for example in the equatorial Pacific Ocean where biases approach —20 % at several tide gauge
locations. However, basin-dependent exceptions exist. Positive NBlss values are estimated at several locations in the South
China Sea and moderate correlations, as reflected by the Vietnam station shown in Fig. 6. The lower skill observed in many
tropical regions may reflect the reduced short-term variability of sea levels at low latitudes, the limited contribution of rare
tropical cyclone events to the overall signal, uncertainties in ERAS forcing during extreme events, and limitations of a depth-
averaged barotropic framework in representing equatorial circulation processes and associated low-frequency variability
(Mentaschi et al., 2023). In this region (30° S-30° N), the model-derived surges show median correlation below 0.4 and median
NBlIos of —6.62 % relative to observed surges derived from 193 tide gauge locations. However, the median of MAD, is 0.012
m, which is slightly lower than the global median across 550 gauges, and the median MAD.is 0.047 m, which is significantly
lower than the global median. Hence, despite relatively weak correlations and substantial normalised negative bias, the absolute
errors in distribution and overall are lower than those of regions that are densely observed, because of the low amplitude of
the surge signal in this region. Lastly, in the Southern Hemisphere (65° S—-30° S), the median correlation is approximately
0.75, and NBIlys has a median of 1.00 % across the 52 tide gauge locations. The median MAD,, and MAD. here are slightly

worse than the global median; however, these estimates are limited by the sparse observations.

Figure 6 presents scatter-density comparisons between modelled and observed storm surges at 16 representative tide

gauge locations. These patterns are consistent with the spatial distribution of the performance metrics shown in Fig. 5.
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Figure 6: Scatter density plots comparing model-derived storm surges from the present dataset with storm-surge residuals
390 derived from GESLA3 tide gauge observations at 16 representative coastal locations. Each panel shows observed versus

modelled surge levels, with the 1:1 reference line. Key performance metrics, including correlation coefficient (r), normalised
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bias beyond 95" percentile (NBlys), mean absolute deviation of percentiles (MAD,), and corrected mean absolute deviation

(MAD.), are reported for each location.

3.4 Data evaluation during tropical cyclone events

An additional evaluation of the dataset is performed for tropical cyclone conditions using IBTrACS-based cyclone tracks from
Tamizi and Young (2024). Figure 7 shows representative comparisons between modelled and observed wave heights and storm
surges during cyclone events across multiple ocean basins.

To evaluate performance more systematically, peak metrics are computed for all matched cyclone events. A total of
944 matched cyclonic wave cases are extracted from the 3264 available storm-track files, 2927 of which represent tropical
cyclones. The median signed peak bias is —0.25 m, and the median absolute peak error is 0.60 m, across the obtained 944
cases. For storm surges, 3275 cyclone-event cases are identified across 550 tide gauges, yielding a median signed peak bias of
—0.03 m and a median absolute peak error of 0.06 m. These results indicate that the dataset reproduces cyclone-associated

wave and surge extremes with limited systematic bias at the global scale.

{a) Cyclone Katia, 2011 5 (b) Cyclone Celia, 2016
121 North Atlantic Ocean North Pacific Ocean
Lat = 31.87° N, Lon = 69.58° W Lat = 24.35° N, Lon = 162.05° W
10 41
—— Present dataset —— Present dataset
—— Observed —— Observed
£
-
7]
= o

28 Aug 31 Aug 3 Sep 6 Sep 9Sep 12Sep 6 Jul 9 Jul 12 Jul 15 Jul 18 Jul 21 Jul
(c) Cyclone Rachel, 1996 2.0 (d) Cyclone Hugo, 1989
Port Hedland, Australia . Charleston, USA
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—
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Figure 7: Comparison between the present dataset and observations during representative tropical-cyclone events in several

ocean basins. Panels (a—b) show significant wave heights (Hs) during Cyclones Katia (2011) and Celia (2016), while panels
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(c—d) show storm surges during Cyclones Rachel (1996) and Hugo (1989). Blue lines represent the present dataset, and red
lines represent observations.

For example, during Cyclone Katia (2011), peak significant wave heights reaching as high as 12 m are captured
accurately (Fig. 7). Similar correspondence between observed and modelled wave evolution is evident during Cyclone Celia
(2016) in the North Pacific. For storm surges, the Port Hedland record associated with Cyclone Rachel (1996) exhibits
oscillatory behaviour characteristic of cyclone-induced coastal seiches, which is reproduced by the model, as this tide gauge
station is situated close to the open coast. Likewise, the surge peak and subsequent recession associated with Cyclone Hugo

(1989) are represented consistently.

4 Discussion and perspectives

The validation results demonstrate the effectiveness of a posteriori bias correction as a strategy for improving the skill of global
hindcast products, particularly in the upper tail of the wave-height distribution where systematic errors are most consequential
for hazard applications. Both wave heights and storm surges from the dataset show strong performance across the majority of
the validation network, with the high skills concentrated in well-observed extratropical regions characterised by strong synoptic
forcing, while larger uncertainties persist in tropical and equatorial areas.

Despite the generally strong global performance, localised biases remain evident in parts of East Asia, western
Australia, and, prior to the ad hoc regional adjustment, the Mediterranean Sea. These regions may represent environments
where satellite altimetry does not provide a fully reliable reference for bias correction. In the Mediterranean, factors such as
the semi-enclosed geometry, short fetch, or the prevalence of young wind-driven seas with steep spectra might affect altimeter
retrieval and introduce systematic offsets relative to in situ buoy observations. In East Asia and western Australia, the complex
swell climate and the prevalence of mixed sea states could similarly contribute to inconsistencies between altimeter-derived
and buoy-measured wave heights. However, the precise causes remain uncertain, and other factors, including closeness of the
buoys to the shore, unresolved coastal processes, or regional characteristics of the local atmospheric forcing, cannot be
excluded. In all three cases, the residual biases might reflect regional limitations of the reference observational products, rather
than deficiencies in the underlying hydrodynamic model or the bias-correction methodology itself. This interpretation is
consistent with known regional differences between altimeter and buoy observations reported in the literature (Dodet et al.,
2020; Ribal and Young, 2019), and highlights a fundamental challenge in satellite-based bias correction: the correction can
only be as accurate as the observational reference on which it relies. Where altimeter biases are present, they will be propagated
into the corrected dataset. The Mediterranean regional adjustment described in Sect. 2.2.3 represents a pragmatic response to
this limitation, using the denser buoy network available in that enclosed basin to detect and correct the residual offset
introduced by the satellite-based procedure.

Several sources of uncertainty should be considered when interpreting and applying the dataset. The bias-correction
procedure assumes that model biases are stationary in time, such that correction factors derived from the satellite-observation

period (2002-2020) remain applicable to the full hindcast period (1950-2023). The generally consistent performance against
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buoy observations spanning multiple decades suggests that the dominant sources of bias remain relatively stable. However,
some temporal variability cannot be fully excluded, particularly in regions influenced by long-term climate variability.
Additional uncertainty may arise from the evolution of the satellite observing system itself, including differences among
altimeter missions, sensor characteristics, retracking algorithms, and changes in spatial sampling through time. Although the
altimetry-based wave product from Copernicus Marine Service provides a harmonised multi-mission dataset, residual inter-
mission inconsistencies may contribute to uncertainties in the derived correction factors and their temporal transferability
(Jiang and Su, 2025; Jiang, 2023).

For storm surges, the absence of a globally consistent observational product equivalent to satellite altimetry introduces an
additional challenge. Unlike wave heights, storm surges cannot be directly observed from altimetry: satellite SSH integrates
tidal, steric, mesoscale, and surge signals simultaneously, usually separated in the available products using models. This makes
it impractical to isolate the surge component at the global scale without substantial additional processing and introducing
further uncertainty. Consequently, a direct bias-correction framework analogous to that applied for wave heights cannot be
easily applied to storm surges. An alternative and potentially more robust strategy consists of correcting the atmospheric wind
forcing rather than the model output directly, as biases in ERAS wind speeds, particularly under extreme conditions, are a
primary driver of surge bias (e.g., Gaffet et al., 2025; Zribi et al., 2026). Such wind-forcing bias correction approaches have
shown promise in regional applications and could represent a viable path toward improved global surge datasets. In the interim,
the spatial patterns identified in the surge validation suggest that coastal bias-correction layers derived from tide-gauge
observations, transferred between coastlines where dataset from surges exhibit similar latitude-dependent and basin-dependent
performance characteristics, could provide a practical improvement in nearshore surge estimates.

The underlying hydrodynamic model used for storm surge is based on a barotropic framework. While this approach
is computationally efficient and suitable for global applications, it may not fully represent baroclinic processes, equatorial
circulation, and other three-dimensional dynamics that influence water levels, particularly in tropical and equatorial regions
where lower surge correlations and predominantly negative NBIos values were observed. Although the cyclone-event analyses
demonstrate that the dataset reproduces many observed peak water levels and wave conditions, surge representation during
intense tropical cyclones could potentially be improved through dedicated high-resolution cyclone modelling or hybrid
approaches.

The spatial distribution of observations remains uneven. Wave-buoy and GESLA3 tide-gauge coverage are
concentrated primarily along the North American and North European coasts, while observational coverage is substantially
lower across much of the Southern Hemisphere, including large parts of South America, Africa, the Indian Ocean, and several
tropical regions. Consequently, some regions where model performance is lower are also among the least densely represented
in the validation datasets. A denser observational network in tropical and Southern Hemisphere regions would facilitate more
robust validation of both wave and storm-surge datasets.

Several of the limitations discussed above can be addressed through regional downscaling approaches that explicitly

represent local coastal processes, bathymetry, and shoreline characteristics. The dataset is distributed on a native unstructured
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global mesh, which provides a natural interface for regional refinement without interpolation onto regular grids, a
methodological advantage that facilitates seamless coupling between global and local modelling frameworks. The availability
of corrected wave heights together with spectral wave parameters and peaks provides an opportunity to derive long-term global
estimates of wave setup along coastlines. Recent global coastal-characteristics datasets provide nearshore and beach-face slope
information at high spatial resolution (Athanasiou et al., 2024), which could be combined with the present wave dataset using
empirical formulations (Stockdon et al., 2006) or data-driven techniques to estimate wave setup globally. In regions where the
validation metrics are already strong, the dataset can be used to assess the effectiveness of coastal resilience measures and
nature-based protection systems, following approaches such as that of Lopes et al. (2026). The simultaneous availability of
wave heights, storm surges, and spectral wave parameters spanning 1950-2023, combined with demonstrated performance
during cyclone-associated extremes, further enables multivariate and compound-extreme analyses supporting investigations
of joint coastal hazards and their associated return periods (Bahmanpour et al., 2026). Together, these capabilities position the
dataset as a consistent global baseline for the next generation of coastal hazard assessments, from total water level estimation

to compound-event mapping and data-driven emulation of ocean extremes.

Data availability
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