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Wiebke Jäger1, and Sanne Muis1,2

1Institute for Environmental Studies (IVM), Vrije Universiteit Amsterdam, Amsterdam, The Netherlands, 2Deltares, Delft,
The Netherlands, 3Department of Hydraulic Engineering, Faculty of Civil Engineering and Geosciences, Delft University
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Abstract We perform the first global analysis of storm surge seasonality using surge data from a global
hydrodynamic model with full coverage of coastal areas, providing valuable insights for regions not represented
in alternative observational data sources. We apply directional statistics based on the mixture model of the von
Mises‐Fisher distribution to identify surge seasons and their characteristics. Results reveal that nearly half of the
global coastal stations, predominantly in tropical and subtropical regions, either lack a distinct surge season or
experience heightened surge activity across multiple periods. Furthermore, the seasonality of storm surges
follows a consistent large‐scale spatial pattern tied to regional atmospheric variables. Spatial variability in the
length of surge seasons is minimal in regions with bimodal surge seasons; however, the variability of surge
peaks differs. Lastly, the seasonal distribution of storm surges differs regionally due to the underlying storm
regime. These results provide valuable insights into the seasonality of storm surges on a global scale, which is
useful for coastal risk management.

Plain Language Summary Storm surges, the abrupt rise in sea levels above tidal elevations during a
storm, are among the most devastating causes of coastal flooding globally. However, they are influenced by
seasonal variations in atmospheric processes, which can amplify their peaks. In this study, we analyzed when
these peaks typically occur and how the seasons vary spatially over a consistent period globally. By using surge
data from a global hydrodynamic model with comprehensive geographical coverage, we provide insights for
regions that lack observations from alternative data sources such as tide gauges. We show that the seasonality of
surge peaks is not confined to a single well‐defined season globally. Some regions lack clear seasons, while
others have well‐defined seasons with varying numbers. This means that some regions have more pronounced
seasonal cycles than others. Despite this variation, the seasonal patterns are regionally coherent and are tied to
underlying atmospheric patterns. Understanding these seasonal patterns could help improve coastal
management plans, especially in places with extended surge risk windows.

1. Introduction
Storm surge is the anomalous rise in sea level above the predicted tide. It is driven by low air pressure and high
wind speed associated with weather events such as midlatitude and tropical storms (Pugh & Woodworth, 2014).
These surges can reach heights of several meters, especially in coastal areas with broad and shallow continental
shelves (Mcinnes et al., 2003; Nicholls, 2006), posing significant environmental and socioeconomic threats when
the resulting sea level overtops coastal defenses. Notable events such as Hurricane Katrina in the US, extratropical
cyclone Gudrun in northern Europe, and cyclone Freddy in Mozambique demonstrate the potentially devastating
impact of these events (Mäll et al., 2017; Mester et al., 2023; Petterson et al., 2006).

Understanding the variability of storm surges across different timescales is essential for effective coastal flood
management and has implications for maintaining coastal defenses (Dhakal et al., 2015; Parajka et al., 2010;
Trace‐Kleeberg et al., 2023). Large‐scale atmospheric processes influence surge variability from subseasonal to
multidecadal timescales (Marcos et al., 2015; Wahl & Chambers, 2016), with seasons being a dominant feature
(Tsimplis & Woodworth, 1994; Woodworth et al., 2019). Seasonality reflects the intraannual variations in the
timing and frequency of storm surges.

Past studies have employed statistical models to examine the temporal variability of storm surges over different
spatial extents (Calafat et al., 2022; Mawdsley & Haigh, 2016; Wu et al., 2017). The few large‐scale studies on
seasonality of extremes have typically used nonstationary extreme value models based on monthly maxima (Bij
de Vaate et al., 2024; Lobeto et al., 2018; Reinert et al., 2021; Roustan et al., 2022). For instance, in a global study,
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Menéndez and Woodworth (2010) estimated that the timing of the highest 50‐year return values coincides with
the local storm season. More recently, Bij de Vaate et al. (2024) expanded on this work by analyzing surge peaks
globally for return periods of 1/6 years and 10 years. Their findings further support the link between the timing of
the highest surge peaks and the local storm season.

Moreover, past studies have relied on observational records from tide gauges or satellite altimeters (Barroso
et al., 2025; Calafat et al., 2022; Mawdsley &Haigh, 2016;Wu et al., 2017). Tide gauge records generally provide
the most accurate measure of sea level variability along coastlines. However, their spatial distribution is uneven,
with most tide gauges concentrated in the Northern Hemisphere (Lobeto et al., 2018; Menéndez & Wood-
worth, 2010). In contrast to tide gauges, satellite altimeters provide global coverage. However, the temporal
record of this data set is limited, as satellite records extend back to 1992 (Naeije, 2022). Moreover, satellite
altimetry data have poor spatial resolution along coastlines (Fernández‐Montblanc et al., 2020) and struggle to
capture short‐lived tropical storms (Bij de Vaate et al., 2024), making them less reliable for analyzing seasonality
in tropical regions.

Due to the limitations of observational records, sea level data from global hydrodynamicmodels have emerged as a
valid alternative for coastal studies (Dullaart et al., 2021; Muis et al., 2018, 2020; Rueda et al., 2017; Vousdoukas
et al., 2018). The global tide and surgemodel (GTSM), for instance, provides consistent global time series of storm
surges (Copernicus Climate Change Service [C3S] 2022). However, while time series derived from GTSM have
been used to assess the frequency and magnitude of extreme sea levels (Dullaart et al., 2021; Muis et al., 2023), an
analysis of the seasonality of storm surges is still lacking.

To close this knowledge gap, this study aims to investigate the seasonality of storm surges at the global scale. We
leverage 39 years of surge data from the GTSM (Copernicus Climate Change Service [C3S] 2022), which
provides full global coverage with consistent temporal records from 1980 to 2018. While previous global studies
have used nonstationary extreme value statistics to evaluate in which month the highest storm surge occurs, we
employ directional statistics (Jammalamadaka & Sengupta, 2001; Mardia & Jupp, 2009) to assess the number of
storm surge seasons, their length, and the peak of the season.We also evaluate how the magnitudes of the seasonal
surges vary regionally.

The rest of the paper is structured as follows. Section 2 describes the material and methods applied in our study.
This section describes our surge data and provides a step‐by‐step application of our statistical approach. In
Section 3, we present our results, focusing on the seasonality of extreme storm surges. In Section 4, we discuss our
findings and their potential implications for coastal flood management.

2. Material and Method
Our approach consists of four main steps, as shown in Figure 1 and described in detail in Sections 2.1–2.4. In
brief, the steps are as follows:

1. Data selection: First, we selected global surge data from the GTSM for 43,119 model output stations from
1980 to 2018.

2. Data preprocessing: Next, we conducted quality checks by dropping output stations with spurious surge peaks
and corrected for meteorological trends in the time series of the remaining stations.

3. Assessing the magnitude of surge peaks: Subsequently, over the entire time series, we applied a spatially
varying peak over threshold (POT) method to achieve an average of 3 events per year at each output station.

4. Assessing the seasonality of surge peaks: Lastly, we analyzed the seasonality of these peaks based on the
mixture model of the von Mises‐Fisher (vMF) distribution. The length of the identified seasons was deter-
mined from the first derivative of the distribution function

2.1. Data Description

We use hourly time series of surge levels from 1980 to 2018 obtained from the global tide and surge model
(GTSMv3.0). The GTSM is a global depth‐averaged hydrodynamic model developed using the unstructured
Delft3D Flexible Mesh software (Kernkamp et al., 2011). Its spatial resolution increases from 25 km in the deep
ocean to 2.5 km along the coastline. In Europe, the model resolution further increases to 1.25 km (Muis
et al., 2020). GTSM simulates still water levels resulting from tidal and meteorological forcing, using 10 m wind
speed and atmospheric pressure data from the ERA5 atmospheric reanalysis (Hersbach et al., 2020; Muis

Supervision: Philip J. Ward,
Timothy Tiggeloven, José A. Á. Antolínez,
Wiebke Jäger, Sanne Muis
Visualization: Ayoola Apolola
Writing – original draft: Ayoola Apolola
Writing – review & editing:
Ayoola Apolola, Philip J. Ward,
Timothy Tiggeloven, José A. Á. Antolínez,
Wiebke Jäger, Sanne Muis

Journal of Geophysical Research: Oceans 10.1029/2025JC022841

APOLOLA ET AL. 2 of 18

 21699291, 2025, 11, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2025JC

022841 by T
echnical U

niversity D
elft, W

iley O
nline L

ibrary on [06/11/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



et al., 2023). The GTSM‐ERA5 data set provides water level time series for 43,119 output stations spanning the
coastline and the deep ocean (Copernicus Climate Change Service [C3S] 2022). GTSM‐ERA5 has been
extensively validated in previous studies (Dullaart et al., 2020; Muis et al., 2016). Although it tends to under-
estimate tropical cyclone (TC) intensity due to spatial and temporal forcing, it generally shows good agreement
between modeled and observed surge levels.

2.2. Data Preprocessing

We start the data preprocessing with a quality check on the surge level time series for all output stations. We
inspect output stations with surge levels (outliers) exceeding 9 m, which corresponds to the storm surge height
recorded during Hurricane Katrina, the highest between 1980 and 2018 (Needham & Keim, 2012; Weather
Underground, 2025). Based on this criterion, we identified five output stations with spurious peaks, all located in
areas of complex bathymetry or inside estuaries, which the GTSM cannot fully resolve. We exclude those five
stations (about 0.01% of the total output stations) from our analysis. We also review stations with surge peaks up
to 5 m, but this did not lead to the exclusion of more stations. There may still be stations containing outliers, but
given the small number of stations, we do not expect this to have any significant effect on the overall analysis. In
addition, we verify that the remaining output stations have surge values for 99.99% of their time steps and exclude
time steps with missing values from our time series.

Figure 1. Flowchart showing the flow of the statistical framework adopted in this study.
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After the quality checks, we remove the low‐frequency signal corresponding to the annual variation in surge
levels, using the 2nd‐order Butterworth low‐pass filter (Roberts & Roberts, 1978). We do this to eliminate the
influence of long‐termmeteorological trends, such as variations in the pressure and wind patterns that affect mean
sea level variations but are not associated with extreme events (Hermans et al., 2020; Lowe et al., 2021) and
instead focus on surge peaks from extreme events. The filtering parameters are set as follows: (1) the sampling
rate and the cutoff frequency are set to hourly and annually, matching the temporal resolution of our data and the
annual surge level frequency, respectively; 2) the Nyquist frequency, which is used to normalize the cutoff
frequency, is set to half the sample rate; and (3) the order number is set to two.

We test the filter's sensitivity to higher‐order numbers (3 and 4) and find negligible differences in the result. While
higher‐order filters can better address edge effects in the low‐frequency signal, they tend to introduce more
pronounced phase distortion. Therefore, we use the 2nd‐order filter to balance simplicity and minimize phase
distortion in the low‐frequency signal. Additionally, we use the 2nd‐order Butterworth low‐pass filter instead of
the moving average approach to prevent distorted trends or lags in the time series (Parker et al., 2023). Figure 2
below compares both approaches for selected locations. Note that the moving average was centered on an annual
window of 8,766 hr, which shifts forward by 1 hr at each step. Edge effects were handled by filling missing values
with the nearest valid observations.

2.3. Assessing the Magnitude of Surge Peaks

In the third step, we identify the top 117 independent surge peaks, corresponding to an average of three events per
year, using a spatially varying POT. To ensure the independence of the peaks, we apply a uniform declustering
time of 72 hr, that is, 36 hr on both sides of the peak (Arns et al., 2013). Next, we analyze the magnitude of surge
peaks by computing various descriptive statistics for each output station, such as the mean, coefficient of vari-
ation, skewness, and kurtosis.

In addition to the spatially varying POT, we also assess other commonly used extreme value methods, including
the annual maxima, r largest (3 events per year), and POT with fixed thresholds (99.5th% and 99.7th%) (Arns
et al., 2013; Haigh et al., 2010; Wahl et al., 2017). Although selecting a fixed number of events based on the
spatially varying POT may include lower or moderate surges in regions with fewer extreme storm surges, the
results from the other extreme value methods are spatially consistent and lead to the same general conclusions
(Figure S1 in Supporting Information S1).

2.4. Assessing the Seasonality of Surge Peaks

In the fourth step, we transform the dates, that is, the specific day on which the selected surge peaks occur, into
angular values and evaluate their probability distribution type. We first test the null hypothesis of circular uni-
formity to identify output stations where the surge peak dates follow a uniform distribution, indicating no clear
seasonality (Mardia & Jupp, 2009; Pewsey et al., 2013). To do this, we employ four nonparametric tests: Ray-
leigh's test, Rao spacing test, Kuiper's test, and Watson's goodness of fit test (Jammalamadaka & Sengupta, 2001;
Mardia & Jupp, 2009; Pewsey et al., 2013). Following the approach of Veatch and Villarini. (2020), we reject the
assumption of uniformity at a significance level of 5% and apply the Bonferroni correction to adjust for multiple
comparisons between tests (Bonferroni, 1936). We use this correction to prevent results from incorrectly
appearing statistically significant (Weisstein, 2004).

For stations that exhibit statistical significance (i.e., that do not follow a uniform probability distribution), we
assess seasonality by fitting the mixture model of the vMF distribution to the angular dates of the surge peaks
using the movMF R package (see Banerjee et al., 2005; Hornik & Grün, 2014). Mixture models of the vMF
distribution enable the modeling of cyclic data. This is done by representing the overall distribution of the data as
a weighted sum of component distributions, each characterized by its direction, effectively capturing clusters in
the underlying data (see Hornik & Grün, 2014; Veatch & Villarini, 2020, for a detailed description). The number
of components determines howmany distributions the mixture model fits to the underlying data. Therefore, we set
the number of the vMF components to three. This means that the model fits one to three distributions to the surge
peak dates. Subsequently, we determine the number of seasons based on the model distribution with the lowest
Bayesian information criterion (BIC) and extract the peak dates of the surge season. We also conduct a sensitivity
test with a higher component value and found results consistent with the model choice of three components.
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Figure 2. Surge level time series and meteorological trends shown for selected output station. The panels on the left (panels a,
c, e, g, i, and k) display surge levels and the meteorological trends, as determined by the low‐pass filter (black) and the annual
moving average (red). The panels on the right (panels b, d, f, h, j, and l) compare the variation of the trend determined by the
low‐pass filter (low‐frequency signal) with that of the annual moving average.
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For stations with more than one season, we rank the seasons according to their mixture proportions, which
represent their relative contribution to the overall probability density. The mixture with the highest probability
density is interpreted as the primary storm surge season, while the subsequent proportions are referred to as the
secondary and minor seasons. Finally, we estimate the length of the surge season by identifying the local extrema
(maxima and minima) in the first derivative of the distribution function, which indicates points of the most rapid
change in event frequency (Veatch & Villarini, 2022).

We evaluate the performance of the movMF by computing the circular correlation between the quantiles of the
observed surge peak dates and the best‐fitting model. Given that the result for a mixed distribution is a weighted
combination of different distributions, the movMF model lacks theoretical functions for computing model
quantiles. Therefore, following the approach of Veatch and Villarini (2022), we adopt the Monte Carlo simulation
for estimating the empirical mixture distribution (Figure S6 in Supporting Information S1).

2.5. Validation of GTSM Storm Surge Seasonality Using Tide Gauge Data

To validate the assessment of seasonality derived from the GTSM surge data set, we applied the directional
statistical analysis to observed sea levels from tide gauge stations in the Global Extreme Sea Level Analysis
(GESLA‐3) database (Haigh et al., 2023). The GESLA database provides hourly water level records for 5119 tide
gauge stations. However, we use the nontidal residuals for tide gauge stations processed by Martín et al. (2024).
This processed data set contains 1485 tide gauge stations. We retain those with data covering an overlapping
period from 1981 to 2010, resulting in a subset of 579 tide gauge stations. We further refine this selection by
identifying duplicate stations from different data providers and retain only one record from each duplicate. In
addition, to ensure consistent comparison, we match each tide gauge station with the nearest modeled output
station, retaining only the closest in cases where multiple tide gauge stations match with the same model output
station. This process results in a total number of 461 tide gauge stations used for the validation.

3. Results
The result section is organized into two main parts. In the first section, we assess the global characteristics of
storm surge seasons, which include the number of seasons, peak dates of the identified season, and the length of
the season. It should be noted that this analysis does not distinguish between storm types, which may have
influenced the characteristics of storm surge seasons. Rather, it focuses on the most extreme surge peaks and
represents periods during which they cluster irrespective of the meteorological driver. In the second section, we
assess the frequency and the magnitude of the seasonal surge peaks and synthesize their regional differences to
highlight broad spatial patterns, which may have implications for extreme value analysis.

To aid interpretation in the text, we refer to tropical regions as those between 30° north and south of the equator,
subtropical regions as those between 30° and 45°, and extratropical regions as those beyond 45°.

3.1. Characteristics of Storm Surge Season

3.1.1. Number of Storm Surge Seasons

First, we analyze the number of storm surge seasons for each output station. Figure 3 shows that about 17% of the
output stations lack a distinct season; 56% have one season; 26% have two seasons; and fewer than 2% have three
seasons. The density of output stations in Europe and the Mediterranean largely influences the proportion of
output stations with one or two seasons. Considering that output stations with three seasons comprise less than 2%
of all output stations and are mostly found in the open ocean, we exclude them from our discussion.

Output stations that lack a distinct season are scattered across the globe. However, a clear cluster is evident along
the coastlines of the Caribbean, the Gulf of Mexico, the southeastern and southern coasts of South America,
Japan, the Philippines, eastern Australia, New Zealand, Papua New Guinea, and many small islands of the Pacific
Ocean. This indicates that these areas lack a strong storm surge season. This aligns with findings from Barroso
et al. (2024) that showed that these areas have the most significant variation in the timing of storm surges. We
tested different extreme value methods (see Section 2.3) and found consistent patterns in regions that lacked a
clear surge season (Figure S1 in Supporting Information S1).
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We assessed the surge magnitudes in these areas by analyzing the empirical surge peaks (Figure S2 in Supporting
Information S1). Our findings indicate that the average surge peak is generally small in these areas, averaging
below 0.5 m (Figure S2a in Supporting Information S1). However, the high variability and distribution of surge
peaks in Japan reveal that Japan experiences more frequent and intense tropical cyclones than other coastlines
without a clear surge season. Additionally, we validated results from the GTSM‐ERA5 surge residuals with
nontidal residuals from observed sea level records (see Section 2.5). Overall, both data sets show strong
agreement (>50%) in the number of seasons except along the Mediterranean, East North America and East Asian
coastlines, where agreement is weak (<50%) (Figure S3c in Supporting Information S1). Notably, while ob-
servations along the Japanese coastline reveal a distinct surge season, this pattern is not captured in the GTSM‐
ERA5 surge data set (Figures S3a and S3b in Supporting Information S1). Additionally, mismatches are most
pronounced along TC hotspots.

Most parts of Asia, Australia, Europe, and North America typically have one season (Figure 3). In contrast, large
parts of Africa and South America experience two seasons, with the notable exceptions of one season in
Madagascar, South Africa, and Chile. Additionally, Central America, the East Coast of the United States, Hudson
Bay in Canada, Southern Europe, southeast China, South Korea, Western Australia, and coastlines along the Sea
of Okhotsk also experience two seasons. The occurrence of two seasons on the East Coast of the United States
may be linked to the seasonal regimes of both tropical cyclones and midlatitude storms (Booth et al., 2017; Lobeto
et al., 2018).

3.1.2. Peak of the Storm Surge Season

Second, we assess the peak date(s) of the storm surge season(s) (Figure 4). The peak dates, derived by taking the
mean of the distribution, represent the average timing of storm surges. Areas with a single storm surge season,
located in the extratropical regions of the Northern Hemisphere and the subtropical regions of the Southern
Hemisphere, typically experience their peak storm surge season during the winter months of their respective
hemispheres, aligning with the midlatitude storm regime. The midlatitude storm regime is influenced by sig-
nificant temperature gradients (i.e., difference between cold polar air and warm tropical air masses) at the polar
front, resulting in severe midlatitude storms (Hall et al., 2015).

In the tropical region of Africa and South America, the surge season peaks between March and May and between
September and November in areas with two seasons (Figure 4). One factor that may explain this bimodality is the
large‐scale meridional movement of the intertropical convergence zone (ITCZ), the tropical low‐pressure belt.
During the summer months in both hemispheres, the tropical pressure belt shifts toward the hemisphere expe-
riencing warmer temperatures. However, during the transitional months between winter and summer in both

Figure 3. Global map showing the number of storm surge seasons. The numbers (0–3) on the color bar represent the number
of seasons, with zero indicating no distinct season. Additionally, the percentage values in brackets represent the proportion of
output stations that fall into that category.
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hemispheres, it shifts toward the equator (Bischoff & Schneider, 2016; Lashkari et al., 2017; Schneider
et al., 2014). These alternating patterns alter wind circulation and pressure gradients, thereby influencing the
timing of surge peaks (Huang & Guan, 2012; Y. Liu et al., 2022; Studholme et al., 2022; Waliser & Gaut-
ier, 1993). The influence of this alternating pattern is also evident in the timing of the surge season along the
coastlines of Mexico and parts of the Caribbean, where the variability of surge peaks is higher (Figure S1 in
Supporting Information S1).

Subtropical regions, such as the East Coast of North America and Southern Europe, also experience two seasons
with peak dates associated with the winter and summer storm regimes (Figure 4). In winter, midlatitude storms
develop and storm tracks move southward as the polar fronts and the ITCZ shift southward. In summer, TC tracks

Figure 4. Global map showing the peak dates of the primary and secondary surge season (panels a and b). The peak date
represents the average timing of storm surges.
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extend into the subtropics, as the polar front and ITCZ shifts northward (Hall et al., 2015; Schneider et al., 2014;
Waliser & Gautier, 1993). As a result, this region is vulnerable to both storm systems since it lies in a critical
transition zone. The effect of this phenomenon occurs on the East Coast of North America, where the primary
season peaks in winter, aligning with the midlatitude storm regime and the secondary season peaks in summer,
aligning with the TC season (Lobeto et al., 2018; Wahl & Chambers, 2015; Zhang et al., 2000).

3.1.3. Length of the Storm Surge Season

Third, we analyze the length of the storm surge season for all output stations with one or two storm surge seasons.
The length of the storm surge season refers to the period with the highest likelihood of storm surges. Figures 5a

Figure 5. Global map showing the length of the primary and secondary storm surge season (panels a and b).
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and 5b show that the length of both the primary and secondary seasons is generally less than 120 days for most of
the output stations. However, in a few stations scattered across the globe, the duration of the storm surge season
exceeds 120 days. These stations are typically located close to areas that lack a strong seasonality (Figure 3).

In areas with one season, the primary season is generally longer, extending beyond 80 days in parts of Europe and
Indonesia, the Mediterranean, North‐East America, and southern Australia. Conversely, the Gulf of Carpentaria
and parts of the coastlines of Southeast Asia are exceptions, with the primary storm surge season lasting between
30 and 45 days (Figure 5a). The short duration of the season suggests that the timing of storm surges in this area is
tightly spaced with minimal deviation from the season's peak, which falls in the TC months (Figure 4a).

Areas with two seasons generally have a shorter primary season than areas with one season. In these areas, the
primary and secondary seasons are typically less than 80 days with little spatial variability. In the East and West
Coasts of the United States, the length of the primary season, which aligns with the midlatitude storm season, is
nearly twice the length of the secondary season, which aligns with the tropical cyclones season (Figures 5a
and 5b). This indicates greater variability in the timing of surge peaks during the midlatitude storm season than the
TC season in these areas.

3.2. Frequency and Magnitude of Seasonal Storm Surge Peaks

3.2.1. Frequency of Seasonal Storm Surge Peaks

We assess the frequency of storm surge peaks for the primary and secondary seasons. The frequency of the storm
surge peak was computed by normalizing the number of surge peaks by the season's length. Figures 6a and 6c
show that the frequency of surge peaks is generally higher in areas with a single season. This pattern may be
explained by the longer duration of the primary season in single‐season areas. The highest frequencies exceed one
event in the primary season and occur along the coastlines of Madagascar, Pakistan, and India along the Indian
Ocean. Similar frequencies occur in Mexico and Queensland and in Southeast Asia, along the Pacific. Notably,
these areas also have the shortest storm surge season (Figure 4a). These findings may suggest that the processes

Figure 6. Global map showing the seasonal density of storm surge peaks (panels a and c), the mean magnitude of the surge peaks (panel b), and the relative difference in
the mean magnitude of the surge peaks between the primary and the secondary season (panel d). The red (blue) color in panel d indicates larger surges in the secondary
(primary) season.
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that influence the timing of surge peaks in these areas typically align around the same time and have not
significantly deviated over the period of our analysis.

Lower frequencies of storm surge peaks in the primary season occur in areas with two seasons. This includes the
coastlines of Africa and South America, where the density of surge events is the lowest (less than 0.5). Significant
differences in frequency between the primary and the secondary seasons can be found in the tropical regions of
Africa and the coastlines of Ecuador, Peru, and Mexico. In these areas, the frequency of the surge peaks generally
exceeds one event in the primary season, with a substantially lower frequency in the secondary season. Although
both seasons in these areas have relatively similar lengths, the higher number of surge peaks in the primary season
indicates a greater concentration of events in this period.

3.2.2. Magnitude of Seasonal Storm Surge Peaks

Next, we analyze the magnitude of the seasonal storm surge peaks as well as their variability. We do this by
computing the mean, coefficient of variation, and skewness and kurtosis of the storm surge peaks within the
defined primary and secondary seasons. Figures 6b and 6d show that the largest surges in the primary season
generally occur in coastal areas with wide and shallow continental shelves in the extratropical region. These areas
include the North Sea in northwestern Europe, the Bering Sea in Alaska, and Hudson Bay in Canada, where the
mean surge peak exceeds 1.2 m. In TC‐prone areas, such as the Gulf of Carpentaria, Western Australia, and
Madagascar, where the frequency of events is high (Figure 5), the mean magnitude of the storm surge peaks is
smaller—less than 1 m (Figure 6). This suggests that seasonal surge peaks in these areas are lower, and only a few
were caused by tropical cyclones. This is supported by a high coefficient of variation, as shown in Figure S4 in
Supporting Information S1.

In some areas with two storm surge seasons, such as the coastlines of East North America, the Philippines, and
West Papua, surge magnitudes in the secondary season are higher by more than 20% than those in the primary
season. On the East Coast of the United States, the primary season is longer with a higher frequency of surge
peaks associated with midlatitude storms (Figures 5, 6a, and 6c). Nonetheless, the mean surge magnitude
(Figure 6d) and the coefficient of variation (Figure S4 in Supporting Information S1) indicate that surge peaks
associated with midlatitude storms are lower than those from the less frequent but more intense tropical cyclones
in the secondary season.

3.2.3. Regional Analysis of Seasonal Distribution of Storm Surge Peaks

Finally, we explore seasonal variations in broader detail and synthesize their regional differences. To do this, we
assess the seasonal distribution of surge peaks by aggregating all output stations to the IPCC‐AR6 reference
regions (Iturbide et al., 2020). The seasonal aggregation of regions are shown in Figure S5 in Supporting In-
formation S1. Results show a clear pattern in the distribution of surge peaks in both seasons (Figure 7). In 26 out
of the 29 aggregated regions, the distribution of surge peaks in the primary season is highly skewed to the right,
with skewness values ranging from 0.65 in West and central Europe to 4.23 in the Caribbean. This indicates that a
few surge peaks in the distribution are extremely large, particularly in the Caribbean. In contrast, the remaining
three regions have a near‐symmetric distribution with values ranging from − 0.24 in southwest South America to
0.45 in West North America. This indicates that the probability of very high surge peaks in these regions is low,
which may have implications for model choice for extreme value analysis.

The surge peaks distribution is right‐skewed in all 17 regions with two seasons. However, when comparing the
primary and secondary seasons, the seasonal distribution varies from region to region (Figure 7). For instance, in
northeast North America, only the Arctic region and James Bay in Canada experience two surge seasons
(Figure 3). While the reason for the seasonal characteristics and spatial cluster is unclear, the average surge peak
in the secondary season is 20% higher than in the primary season (Figure 7a2). In addition, the secondary season
has a higher variability of surge peaks with a moderate right skew, which indicates a lower probability of
exceptionally high peaks than the primary season. A similar pattern, but with a clear indication of which season
poses the most significant risk, can be observed in East North America (Figure 7a4), where the primary season is
dominated by midlatitude storms and the secondary season is dominated by tropical cyclones (Booth et al., 2017;
Lobeto et al., 2018). The average surge magnitude is similar in both seasons, with surge peak distributions highly
skewed to the right. However, the secondary season has more exceptionally high peaks and a higher variability in
surge peak distribution, as shown by the higher right skew and the coefficient of variation (Figure 7a4). This
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Figure 7. Global seasonal distribution of surge peaks aggregated to the IPCC reference regions. The histogram bars and the kernel density lines show the distribution of
storm surge peaks for the primary (sky blue) and the secondary season (orange).
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implies that surge peaks in the TC season may return higher surge levels for rare events than when the two seasons
are combined, as the inclusion of the lower skew may reduce the overall tail heaviness.

4. Discussion
4.1. Implications for Coastal Risk Assessment

This study analyzed storm surge seasonality based on hourly surge data from a global hydrodynamic model with
full coverage of coastal areas. It complements previous global studies that have used tide gauge data or satellite
data (Barroso et al., 2024; Bij de Vaate et al., 2024; Menéndez & Woodworth, 2010). While previous global
studies have primarily used nonstationary extreme value models based on monthly maxima, we use directional
statistics with a mixture model to identify multiple seasons. Our results reveal that extreme storm surge season is
not necessarily confined to a single, well‐defined period across the globe. Notably, we found that nearly half of the
global coastal stations, predominantly in tropical and subtropical regions, either lack a distinct surge season or
experience heightened surge activity across multiple periods. For regions with well‐defined seasons, our results
provide insights into when extreme storm surges are most frequent and the average magnitudes of surge peaks in
this period. This information is particularly useful for designing and maintaining coastal infrastructure, enhancing
early warning systems, and evaluating risk insurance (Miura et al., 2021; Trace‐Kleeberg et al., 2023). In addition,
regions with multiple surge seasons or those lacking a distinct seasonal pattern may require adjustments to their
flood preparedness plans. Specifically, regions with multiple surge seasons may need to account for the impact of
secondary windows, especially if this season coincides with other flood‐generating mechanisms. Likewise, areas
that lack a clear surge season may need to extend their preparedness measures over longer timeframes due to the
uncertainty in the timing of surge peaks.

Climate change may drive changes in storm surge seasonality, potentially altering the timing of surge peaks
(Reinert et al., 2021; Roustan et al., 2022). Moreover, the occurrence of extreme sea level (ESL) is also influenced
by variations in waves, tides, and mean sea level (Idier et al., 2019; Kirezci et al., 2020; Marcos et al., 2019;
Vitousek et al., 2017; Vousdoukas et al., 2018), all of which exhibit seasonal cycles (Barroso et al., 2025; Tsimplis
& Woodworth, 1994). For effective risk management, it would be relevant to assess the seasonality of other ESL
components and possible long‐term shifts (Vanem, 2015), as the cooccurrence of seasonal peaks may signifi-
cantly amplify total water levels.

4.2. Comparison With Previous Global Studies

When comparing our research with previous global studies (Barroso et al., 2024; Bij de Vaate et al., 2024;
Menéndez &Woodworth, 2010), results about the peak of the storm surge season are largely consistent. However,
there are two main areas for further discussion. First, our results highlight the importance of circular uniformity
tests and challenge the use of single models in directional statistics, which generally obscures multimodal dis-
tributions (Cunderlik et al., 2004a; Mardia & Jupp, 2009; Pewsey et al., 2013). For instance, our results indicate
no clear seasonality in the Gulf of Mexico, which contrasts with Barroso et al. (2024), who reported a clear winter
season. This contrast may be due to the omission of the circular uniformity test in their analysis. Likewise, in
regions like the East North America, where we identified two surge seasons associated with tropical and mid-
latitude storms, our results do not fully agree with Barroso et al. (2024), who identified only the winter season
based on applying directional statistics with a single model.

Second, our analysis provides valuable insights on incorporating semiannual cycles in nonstationary extreme
value analysis (NEVA) (Coles, 2001), especially in regions with two seasons (Méndez et al., 2007). For instance,
in locations with a single, well‐defined storm surge season, our findings complement previous works on non-
stationarity (Bij de Vaate et al., 2024; Menéndez & Woodworth, 2010), showing that the month when storm
surge frequency peaks is also the month with the highest probability of extreme storm surges. However, in
regions with two seasons, our results do not fully align. This contrast may be linked to variations in the dis-
tribution parameters of the NEVA or methodical differences in selecting extreme values. Approaches based on
block maxima, commonly used in NEVA, provide sufficient temporal variability for model parameters to vary
over time (Reinert et al., 2021; Vanem, 2015; Wahl & Chambers, 2015, 2016). However, as highlighted by
Méndez et al. (2007); omitting the semiannual cycle from the parameters of the model distribution may un-
derestimate variability in locations with multiple seasonal cycles. This is further supported by the harmonic
analysis of Barroso et al. (2024), which showed monsoonal regions exhibit strong semiannual cycles, reinforcing

Journal of Geophysical Research: Oceans 10.1029/2025JC022841

APOLOLA ET AL. 13 of 18

 21699291, 2025, 11, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2025JC

022841 by T
echnical U

niversity D
elft, W

iley O
nline L

ibrary on [06/11/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



the need to consider them in NEVA. Moreover, the use of monthly maxima may also obscure the repetitive
timing of the most extreme events, which methods like the POT and r largest capture effectively. Therefore, it
would be relevant to explore nonstationary approaches based on other extreme value selection (Serafin &
Ruggiero, 2014).

4.3. Limitations

Our analysis has a number of limitations. First, our analysis is based on the GTSM‐ERA5 data set from 1980 to
2018, a 39‐year period that reflects the near‐present‐day climate. Although this data set has been shown to
accurately represent extreme sea levels (Dullaart et al., 2021; Muis et al., 2023), the data set contains biases in the
surface winds, especially for extreme conditions (Belmonte Rivas & Stoffelen, 2019; Campos et al., 2022) and
underestimates the intensification of tropical cyclones (Malakar et al., 2020). These biases can result in inac-
curacies not only in the magnitude of storm surges but also in their timing. Although these biases may signifi-
cantly underestimate the magnitude of extreme storm surges, particularly for tropical cyclones (Dullaart
et al., 2021), we do not expect significant biases in seasonality (Chen et al., 2024; Molina et al., 2021). However,
given the discrepancy in the number of seasons between the modeled and observed surge data sets, particularly
along the Japanese coastline, our results in areas prone to tropical cyclones may be affected by spatial and
temporal biases in the ERA5 reanalysis data, as the most extreme cases of TC intensification are not captured in
the ERA5 reanalysis (Belmonte Rivas & Stoffelen, 2019; Malakar et al., 2020). In addition, our results in areas
prone to tropical cyclones, such as the Gulf of Mexico, may be affected by the fact that tropical cyclones are rarer,
which limits their occurrence within the 39‐year period of our analysis. Future work could address this by
applying our method to larger data ensembles (e.g., Benito et al., 2025; Bloemendaal et al., 2020), focusing the
analysis on more extreme events. This would also enable the assessment of seasonal return periods, which have
practical relevance for insurance assessment.

Second, there are uncertainties associated with the statistical methods used. We use the spatially varying POT
method to select extreme events, resulting in a fixed number of surge peaks (Arns et al., 2013; Haigh et al., 2010).
The optimal threshold for extreme event selections varies depending on local characteristics (Arns et al., 2013;
Wahl et al., 2017). A threshold that is too low results in the inclusion of events that are not extreme, which could
dilute the seasonal characteristics captured by the vMF distribution. For instance, the inclusion of moderate
extremes may affect the number of seasons, extend the length of the storm surge season, or even shift the surge
peak dates. Additionally, the use of equally sized windows to identify independent extremes does not account for
important local variations in storm duration (Martín et al., 2024). Future studies could explore whether accounting
for local variations in the statistical parameters may improve our results.

Third, there are inherent uncertainties associated with the use of mixture models and directional statistics. For
single‐component models, quantile‐quantile computation provides a means to easily measure uncertainty and
assess model fit (Pewsey et al., 2013). However, for mixture models, such as the vMF distribution, the absence of
theoretical functions to compute the quantiles for mixture distributions makes it difficult to accurately assess
model performance (Veatch & Villarini, 2022). We use the Monte Carlo simulation‐based method to assess
model performance and estimate uncertainty. However, the uncertainty estimates from such simulation‐based
approaches are not entirely reliable, which limits broader applications of mixture models. Future studies could
explore or develop alternative performance metrics suitable for mixture distributions. In addition, we statistically
define the length of the storm surge season based on the first derivative of the distribution function, following
Veatch and Villarini (2022). One limitation to this approach is that some extreme peaks may occur just outside the
boundaries of the derivative's window, excluding significant events. Future studies could explore alternative
definitions of the start and the end of the storm surge season, such as those proposed by Chen et al. (2013),
Cunderlik et al. (2004b), P. Liu et al. (2010), and Ouarda et al. (1993).

5. Conclusions and Outlook
Using hourly surge data from 1980 to 2018 from a global hydrodynamic model, this study examined storm surge
seasonality, providing valuable insights for regions that lack observations from tide gauges. We applied direc-
tional statistics and fit a mixture model based of the vMF distribution, enabling a comprehensive assessment of
spatiotemporal variability in storm surge seasonality. Compared to previous global studies that employed
nonstationary extreme value models, our statistical approach has the advantage of identifying multiple seasons.
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Our results show that nearly half of the global coastal stations, predominantly in tropical and subtropical regions,
either lack a distinct surge season or experience heightened surge activity across multiple periods. While these
patterns may have been recognized locally, our results reveal a consistent large‐scale spatial pattern linked to
regional atmospheric patterns. By comparing the primary and secondary seasons, we show that differences in the
length of surge seasons are minimal in regions with bimodal surge seasons; however, the seasonal surge peaks
differ, particularly on the East Coast of the United States, associated with the TC storm regime. Moreover, our
results reveal that while the seasonality of storm surges, globally, is strongest in TC‐prone coastlines such as
India, Madagascar, and Pakistan, it is weakest but biased in the Gulf of Mexico and the Japanese and the
Caribbean coastlines. This contrast provides insight into the complex atmospheric‐oceanic interaction that in-
fluences the occurrence of tropical cyclones in these regions. Additionally, by aggregating coastlines into distinct
regions, our results show that the seasonal distribution of surge peaks varies by regions and reflects the associated
risks of the underlying storm regime. For instance, along the east coasts of North America, although the winter
storms typically produce higher surges, the most extreme surges are most likely to occur during the TC season.

We conclude with suggestions for future research based on the results presented and discussed in this study.
Model validation revealed biases, particularly along TC‐prone areas, such as Japan and the Gulf of Mexico, for a
30‐year period. Future studies could leverage longer storm surge time series, extending the observation period,
especially in areas prone to tropical cyclones, which has a low probability of occurrence, to improve the reliability
of our results. Additionally, a longer time series would enable the assessment of temporal trends in storm surge
seasons influenced by interannual variability or historical climate change. Moreover, it would be interesting to
apply our methodology to future climate scenarios to investigate how storm surge seasonality is represented in
global climate models and how the seasons may change under a warmer climate. Future research could also
investigate the seasonality of other extreme sea levels components (i.e., mean sea level, waves, and tides) to
identify the probability of cooccurrence.
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