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Abstract. Extreme sea level (ESL) events are typically caused by the combination of various long surface waves, such as storm

surges and high tides. In the non-tidal, semi-enclosed Baltic Sea, however, ESL dynamics differ. Key contributors include the

Baltic’s variable filling state (preconditioning) due to limited water exchange with the North Sea and inertial surface waves,

known as seiches, which are triggered by wind, atmospheric pressure, and basin bathymetry. This study decomposes ESL

events in the Baltic Sea into three key components: the filling state, seiches, and storm surges. Our results show that storm5

surges dominate the western Baltic, while the filling state is more influential in the central and northern regions. Using a

numerical hydrodynamic model, we further decompose these components based on their driving forces: wind, atmospheric

pressure, North Atlantic sea level, baroclinicity, and sea ice. Wind and atmospheric pressure are the primary forces across all

components, with the Atlantic sea level contributing up to 10% to the filling state. These findings offer a deeper understanding

of ESL formation in the Baltic Sea, providing critical insights for coastal flood risk assessment in this unique region.10

1 Introduction

The threat of extreme sea level (ESL) events escalates along the world’s coastlines due to the rising mean sea level. This

phenomenon is a leading cause of flooding in coastal areas, affecting more than 100,000 people annually in Europe alone.

Moreover, this number is projected to rise in the future (Vousdoukas et al., 2020). Due to anthropogenic climate change,

ESLs are projected to increase not only due to the rising mean sea level (e.g. Fox-Kemper et al., 2021), but also due to15

the intensification of tropical storms (e.g. Knutson et al., 2010) and changing sea level dynamics due to sea level rise (e.g.

Moftakhari et al., 2024), such as increasing tidal amplitudes and surges in estuaries (e.g. McGranahan et al., 2007; Talke et al.,

2021) or coastal lagoons (e.g. Bilskie et al., 2014; Lorenz et al., 2023).

ESLs are often a combination of several processes, each leading to an increase in coastal sea level, e.g. high tides, storm

surges, wave setup due to breaking wind waves, river discharge, and other surface waves. Storm surges occurring at high tide20

are the most common cause of ESLs for most coastal areas. For estuaries, where rivers flow into the sea, the coincidence of a

storm surge at high tide with extreme river discharge poses a major flood hazard (e.g. Wahl et al., 2015; Hendry et al., 2019).

Generally, when two or more extreme events co-occur, they are called compound events. Since many different components

can contribute to ESLs, it is desirable to understand and quantify each to assess each contributor’s risk and statistics. However,
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decomposing ESLs is challenging. Using tide gauges alone, only a temporal decomposition is possible, e.g. the separation of25

tides and surges. However, non-linear interactions between the two complicate the separation (Idier et al., 2019; Arns et al.,

2020) and are, as a result, often neglected in impact studies (e.g. Rueda et al., 2017; Vousdoukas et al., 2018; Kirezci et al.,

2020). Numerical models can allow the decomposition of ESL events into their different contributions, as individual processes

and forcings can be switched on or off (Parker et al., 2023). In this way, each contributor can be quantified. Numerical models

rely on good input data, such as atmospheric forcing with a good representation of storm systems, to capture storm surges and,30

hence ESLs correctly. However, long-term, high-quality, high-resolution reanalysis data that meet these requirements are often

not available. Therefore, models are not always able to reproduce every individual event accurately. Nevertheless, comparison

with tide gauge data has shown that models can still correctly reproduce ESL statistics. Therefore, models are invaluable for

decomposing ESL events into different components and forcings. Most decomposition studies assume a linear superposition of

the individual sea level contributors (e.g. Parker et al., 2023). Interactions between the different contributors are often attributed35

to a residual term.

In this study, we follow the decomposition approach to analyse the ESLs within a non-tidal, semi-enclosed marginal sea,

the Baltic Sea (Fig. 1). The Baltic Sea, located in northern Europe, has a mean depth of approximately 55 m. The region

experiences postglacial isostatic land uplift of about 10 mm/year in the northern part of the sea, while the very southern region

experiences subsidence of about 0.05 mm/year (Vestøl et al., 2019). Long-term global eustatic sea level rise in the Baltic Sea40

is not uniformly distributed across the region. It varies from 2 mm/year in the western part of the sea to more than 5 mm/year

in the Gulf of Bothnia. About 75% of the basin-averaged sea level rise can be attributed to the external sea level signal

while intensifying winds and poleward shifting low-pressure systems explain the spatial variation in the mean sea level trends

(Gräwe et al., 2019). The prevailing winds are westerly to southerly (Bierstedt et al., 2015) and ESLs usually occur in autumn

and winter when storm systems pass over the Baltic Sea region. A series of clustered storm systems can cause exceptionally45

high ESLs in the northern Baltic Sea due to the overlapping effects of previous storms (Rantanen et al., 2024). In the Western

Baltic Sea, very high sea levels have been observed in recent years (Groll et al., 2024), including the highest sea levels since

1872 in October 2023 (Kiesel et al., 2024). Events like these cause flooding, which will become more severe with sea level rise

(Kiesel et al., 2023b) and pose problems for current flood protection in the future (Kiesel et al., 2023a).

A recent review of the sea level dynamics and ESL events in the Baltic Sea has been compiled by Weisse et al. (2021) and50

Rutgersson et al. (2022) as part of the Baltic Earth Assessment Reports (BEARs). The sea level dynamics and the ESLs of the

Baltic Sea have some unique contributions that distinguish the dynamics of the Baltic Sea from other coasts around the globe.

First, the Baltic Sea has negligible tides (e.g. Gräwe and Burchard, 2012). In addition, since the Baltic Sea is separated from

the North Sea by the shallow and narrow Danish Straits, water exchange between the Baltic Sea basin and the North Sea is

hindered. The Danish Straits effectively act as a low-pass filter, filtering out high-frequency surface waves, such as storm surges55

and tides from the North Sea. On the other hand, the slow water exchange on a time scale of a week and longer determines the

mean sea level of the Baltic Sea, also called the filling state or, in the context of ESL events, the preconditioning (Leppäranta

and Myrberg, 2009; Madsen et al., 2015). This exchange is mainly controlled by the westerly winds (Gräwe et al., 2019).

Similarly, local preconditioning in sub-basins can contribute to ESLs, e.g. up to 1 m in the Gulf of Riga (Männikus et al.,
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2019). Although the Baltic Sea has negligible tides, there are basin-wide inertial surface waves with �xed frequencies between60

(13h)� 1 and(44h)� 1 which are given by the basin geometry (e.g. Wübber and Krauss, 1979; Zakharchuk et al., 2021). These

inertial waves are calledseichesand are excited by perturbations in the sea level. Their amplitudes can be as large as 17 cm,

although their initial perturbations were smaller (Zakharchuk et al., 2021). Together withstorm surges, these three temporal

components (�lling, seiches and storm surges) are the main contributors to ESL events. At the coast, local sea levels may be

directly elevated by wind-driven wave effects, such as wave setup (Su et al., 2024) or wave run-up. Meteotsunamis can be an65

additional component (Pellikka et al., 2020, 2022). Due to local geometries and orientations of the coastal topography, different

regions are susceptible to different combinations of compounding contributions. Therefore, the return levels of ESLs are very

heterogeneous. The return levels for a 30-year ESL event range from 0.7 to 2.5 m above mean sea level (Lorenz and Gräwe,

2023a), with the highest ESLs occurring at the head of the Gulf of Finland, the Gulf of Riga, and in the Western Baltic Sea

(Wolski et al., 2014; Wolski and Wiśniewski, 2020). The historical storm surge of 1872 reached sea levels of more than 3 m70

in the Western Baltic Sea (e.g. Hofstede and Hamann, 2022), with an estimated return period of about 1,000 to 3,000 years,

depending on the location and the statistics (MacPherson et al., 2023). This event resulted from a very high preconditioning

and an exceptionally high storm surge, which could have been even higher (Andrée et al., 2023). Another event was recorded in

2005 for the Gulf of Riga with a maximum sea level of 2.75 m at Pärnu (Suursaar and Sooäär, 2007; Mäll et al., 2017). Historical

events like these are often considered statistical outliers that do not seem to belong to the main population of extreme events75

(Hofstede and Hamann, 2022; Suursaar and Sooäär, 2007). However, their inclusion in the statistics is bene�cial as they can

signi�cantly change the design sea level for coastal protection (MacPherson et al., 2023).

Storm surges are driven by winds and air pressure, the primary forces acting on the sea surface. However, the enclosed nature

of the Baltic Sea limits the distance over which the momentum for storm surges can be deposited. Additionally, the northern

Baltic Sea is partially covered by sea ice from winter to spring (e.g. Luomaranta et al., 2014). Sea ice acts as a lid, hindering80

the transfer of momentum from the wind to the water, reducing the ESLs by several decimetres (Zhang and Leppäranta, 1995).

These factors, combined with short fetch lengths, generally result in lower return levels for the Gulf of Bothnia, except at its

northern head, where the fetch length is maximal for southerly winds (Wolski et al., 2014; Lorenz and Gräwe, 2023a).

Among all the contributors to ESLs in the Baltic Sea, this study quanti�es the contributions of the �lling or preconditioning,

seiches, and the storm surges to ESL events by performing a temporal decomposition. The second focus is quantifying different85

forcings' relative importance on the ESL events by performing numerical simulations. We quantify the role of the following

forcings: wind, air pressure, North Atlantic sea level, baroclinicity, and sea ice.

2 Data and Methods

2.1 Observational gauge data

The observational tide gauge data are obtained from the European Marine Observation and Data Network (EMODnet, https:90

//emodnet.ec.europa.eu, last access: 5 June 2021) and the Global Extreme Sea Level Analysis (GESLA Woodworth et al.,

2016; Haigh et al., 2022). Both data sources provide quality-controlled sea level data at hourly frequency and high accuracy
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(1 cm). We have selected 70 gauges (see Fig. 1 for their locations) to i) study the temporal decomposition of the observed

ESL events and ii) validate the modelled ESL events to ensure that the temporal decomposition agrees with the observations.

Before any analysis, we selected the years 1961 to 2018 (the same time period covered by the model run, see next section)95

and subtracted the long-term linear trend of the mean sea level for each tide gauge. De-trending removes mean sea level rise

and glacial isostatic adjustments (GIA Peltier, 2004) from the time series. Note that some gauges have records shorter than the

considered time period and many contain temporal gaps (Lorenz and Gräwe, 2023a).

2.2 Numerical Simulations

We use the General Estuarine Transport Model (GETM, version 2.5 Burchard and Bolding, 2002) to simulate the sea level100

dynamics of the Baltic Sea. GETM has been used to model the hydrodynamics of several marginal seas and estuaries around

the world. It has successfully demonstrated its ability to capture the complex hydrodynamics of the Baltic Sea (Gräwe et al.,

2015), the mean sea level dynamics of the Baltic Sea (Gräwe et al., 2019), and its extreme sea levels (Lorenz and Gräwe, 2023a;

Kiesel et al., 2023a). The model con�guration is the same as in Lorenz and Gräwe (2023a) for their ensemble memberUERRA

(baroclinic). The con�guration uses a model chain starting in the Northwest Atlantic (5 NM resolution, bottom roughness105

z0 = 5 mm) to generate boundary conditions for the North Sea and Baltic Sea domain (1 NM resolution, bottom roughness

z0 = 1 mm, Fig. 1), see e.g. Gräwe et al. (2015). Along the boundary of the Northwest Atlantic domain, air pressure-induced

sea level changes (inverse barometric effect) are prescribed by the ERA5 reanalysis (Hersbach et al., 2020), which is also used

as the atmospheric forcing for this setup. In this way, large pressure systems over the Atlantic are included in the model chain.

The North Sea and Baltic Sea setup is forced by theUncertainties in Ensembles of Regional ReAnalyses(UERRA Ridal et al.,110

2017), where the winds are increased by 7% to better represent the ESLs in the Western Baltic Sea (Lorenz and Gräwe, 2023a).

The spatial resolution of the UERRA forcing is 11 km and the temporal resolution is hourly. Tides are not considered as they

are negligible for the Baltic Sea. Static monthly mean density �elds and sea ice cover are obtained from Gräwe et al. (2019).

Wind stress reduction by sea ice is considered as in Gräwe et al. (2019). The advection scheme is the Superbee TVD scheme

(Pietrzak, 1998). The simulation period is 1961 to 2018. We save sea level data in a time step of 20 minutes.115

We exclude different forcing components in distinguished model simulations to investigate their effects on the sea level,

see Tab. 1, i.e. seven simulations of the period 1961 to 2018. The respective difference to theFull simulation, where all

components are included (the same model simulation as used by Lorenz and Gräwe (2023a)), is then attributed to be the effect

of the excluded forcing. A detailed description of the decomposition approach is presented in the following sections.

2.3 Decomposition Approach120

2.3.1 Temporal decomposition

We �rst split the time series of sea level elevation into three contributions: the surge� surge , the �lling state of the Baltic Sea

� �ll , and the seiches� seiche:

� ESL = � surge + � �ll + � seiche: (1)
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Figure 1. Model domain and station locations (red crosses and numbers) used for the temporal decomposition and model validation. The

black line indicates the boundary of the coarse Northwest Atlantic Ocean domain. The orange lines mark the boundaries of the one nautical

mile domain of the North Sea & Baltic Sea.

Table 1.Overview of the different simulations performed in this study.

Name Description

Full Simulation where all components are included.

NoWind Simulation where the wind speed is set to zero,u10 = v10 = 0 .

NoPresgrad Simulation where the atmospheric pressure is constant,P = 1000 hPa.

NoAtl Simulation where the sea surface elevation, i.e. the sea level at the open boundary, is set to zero.

TSClim
Simulation where the inter-annual variability of temperature and salinity are excluded by using a climatology of temperature

and salinity �elds.

IceClim Simulation where the inter-annual variability of sea ice cover is excluded by using a climatology of sea ice cover.

NoIce Simulation where the sea ice cover is not considered.
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ESL events� ESL are identi�ed by applying a peak-over-threshold method. The threshold is determined by the 99.7th percentile125

of the time series, and we only consider events that are separated by more than 48 hours (Arns et al., 2013). The �lling state� �ll

is computed by applying a Butterworth low-pass �lter with a cut-off frequency of 7 days, corresponding to the weekly timescale

described by Soomere and Pindsoo (2016) and Pindsoo and Soomere (2020). This time scale includes both the average �lling

state of the whole Baltic Sea and local �lling due to persistent winds such as storm systems. To extract the seiche contribution

� seiche from the time series, we consider a time window of� 7 days around the peak sea level and force a �t of �xed frequency130

oscillationsf i :

� seiche =
X

i

ai sin(! i t � � i ) ; (2)

wherei denotes the index of the frequencies considered,ai and� i are the �tted amplitude and phase lag of the seiche, respec-

tively, and! i = 2 �f . For the Baltic Sea, the dominant frequenciesf i we consider are:(13h)� 1; (23h)� 1; (25h)� 1; (27h)� 1; (29h)� 1,

(41h)� 1 (Wübber and Krauss, 1979; Zakharchuk et al., 2021). Note that even more frequencies could have been added, but135

the amplitudes of these frequencies are much smaller. In addition, since we are consideringO(100) events per station, the

uncertainty estimates based on these statistical samples will be larger than the missing frequency contributions. Therefore, the

errors introduced by neglecting these additional frequencies are expected to be negligible for this study. The surge component

is then computed with:

� surge = � ESL � � �ll � � seiche: (3)140

This temporal decomposition is done for both the observed and modelled ESLs.

2.3.2 Decomposition into forcing contributions

In addition to the temporal decomposition, we assume that each contributor in (1) can be linearly decomposed as the sum of the

sea levels driven by the forcing components, namely wind� wind , air pressure� pres , sea level of the Atlantic� Atl , inter-annual

variability of the baroclinic velocities due to seawater density gradients� barocl , sea ice� ice , and the inter-annual variability of145

the sea ice cover� icevariability :

� j = � j ;wind + � j ;pres + � j ;Atl + � j ;barocl + � j ;ice + � j ;icevariability + � j ;res; (4)

wherej denotessurge, �ll , andseiche, respectively. Since there are interactions between the sea levels driven by the different

contributors, we have included the residual term� res, which essentially represents the difference between� j and the sum of

the sea level contributions on the right-hand side, excluding the residual term itself. To extract the effect of each forcing, we150

subtract the respective simulation where we have excluded one component from the simulationFull (compare Tab. 1). For

example, the time series of the sea level evolution due to wind forcing is computed by:

� wind = � Full � � NoWind : (5)

The other forcing contributions are computed accordingly.
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2.4 Work �ow of the time series analysis155

As a �rst step, the long-term changes in the mean sea level are removed from the time series by de-trending by subtracting

the linear trend of the entire time series; see Fig. 2a. The �lling time series� �ll is then computed by applying the Butterworth

low-pass �lter with a cut-off frequency of 7 days, as mentioned previously. ESL events are identi�ed in the de-trended time

series by applying a peak-over-threshold method. The threshold is determined by the 99.7th percentile of the time series, and

we only consider events that are separated by more than 48 hours (Arns et al., 2013). For the modelled time series spanning160

58 years from 1961 to 2018, approximately 80 to 250 events are identi�ed for each station. The station locations are shown in

Fig. 1. The number of events in the observed time series may differ due to the varying length of the time series and data gaps.

Note that the search for ESL events is only performed for theFull simulation.

We consider a time slice of plus-minus 7 days for each event around the peak sea level. From the resulting shorter time

series, the respective �lling is �rst subtracted. Then, the seiches are forced-�tted with eq. (2), followed by the computation165

of the surge component with eq. 3. An exemplary temporal decomposition of the observed Warnemuende time series (Fig.

1, station 9) is shown in Fig. 2b. For each temporal component, we record the respective sea level occurring at the time of

the peak sea level (dashed line in Fig. 2b). This results in a sample of sea levels for the total peak level and its respective

components from the temporal decomposition. In addition, the maximum �lling and maximum seiche level values within a

48-hour window, i.e.� 24h around the ESL peak, are stored to assess the potential ESL if all three components were to reach170

their peaks simultaneously.

To study the relative importance of each component, the components are normalised to the peak level for each event and

stored in a histogram with a bin size of 0.01, ranging from -0.5 to 1.2. The normalisation allows us to utilize all events to

make general statement of the mean composition of ESLs. Each histogram is used to �t a Gaussian distribution to extract the

mean and standard deviation; see Fig. 2d. For this station, the mean temporal contributions are: 60.5% surge, 26.5% �lling, and175

12.9% seiche (sum: 99.9%). Similar to the methodology described, each temporal component of�lling , seiche, andsurgeis

decomposed into the contributions of the different forcings, as shown in Fig. 2c,e for thesurgecomponent as an example. Since

the sea ice component can only lower the sea level, the Gaussian �t approach is unsuitable, due to its non-Gaussian distribution.

Therefore, for the sea ice component, the mean and standard deviation are computed directly from the sea levels and then

normalised. For the station Warnemuende, the mean forcing contributions are: 84.5% wind, 8.0% air pressure gradients, 2.9%180

Atlantic sea level, 0.2% baroclinicity of seawater, -0.5% sea ice, 0.2% sea ice variability, and 1.8% residual (sum 97.1%). Due

to the uncertainty in the �ts, we cannot expect the sum of all forcings to add to 100.0%.

Note that the distribution of ESLs generally follows a tail-end statistical distribution such as the Generalised Extreme Value

or Generalised Pareto distribution. The �lling component follows a classical asymmetric quasi-Gaussian distribution (Soomere

et al., 2015). However, as we generate samples of relative contributions to normalised peak sea levels, these samples are185

expected to follow a Gaussian distribution (except for the sea ice component).
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Figure 2.Exemplary results of the work�ow for the decomposition of ESL events: a) The de-trended time series of the stationWarnemuende.

The orange crosses indicate all considered ESL events. The black arrow denotes the exemplary event that is decomposed in panels b) and

c). b) Temporal decomposition into�lling , seiche, andsurgecomponents around the peak sea level of the event. c) Decomposition of the

surgecomponent into the different forcings. The dashed black line in b) and c) marks the time of the peak sea level. d) The histograms and

�tted Gaussian distributions of the temporal decomposition using all the events marked in a). e) Similar to d) but for the decomposition into

forcing contributions for thesurgecomponent.
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3 Results

3.1 Temporal decomposition

The temporal decomposition of the observed ESLs indicates that in the Western Baltic Sea, the surge component accounts for

more than 60% of the ESL events for all stations (Fig. 3a,b). Following the surge component, the seiche and �lling components190

contribute almost equally. For the westernmost stations, the seiche contribution exceeds that of the �lling. In contrast, stations

located along the eastern German coast show a greater contribution of the �lling component, indicating that these stations

are closer to the seiches' pivot point(s) and, therefore experience smaller seiche amplitudes. Note that the seiche periods of

23to29h are in the range of the duration of the surge events in this region of the Baltic Sea (Kiesel et al., 2023b). Along the

southwestern coast of the Baltic Sea towards Sweden, the largest contribution shifts from the surge to the �lling component.195

The �lling component contributes 50 to 75% of the total ESL along the coasts of the Baltic Proper and the Gulf of Bothnia (Fig.

3a,c). For most of the Swedish coast, the remaining contribution to the ESL is the surge component, with almost negligible

seiches (Fig. 3a,d). A similar pattern is found on the Finnish coast in the Gulf of Bothnia. In the Gulf of Finland, the surge is

the second largest contributor, followed by the seiche component, with the �lling component remaining the largest contributor.

The surge component becomes more signi�cant as a tide gauge is located further east in the Gulf of Finland, due to the200

increased fetch length over which the wind can transfer momentum to the sea. In the Gulf of Riga, the seiche component is

again negligible and the contribution of surges to the ESLs is nearly as signi�cant as that of the �lling. For the Polish stations,

Gdansk and Ustka, the decomposition is similar to that of the Gulf of Riga, with almost negligible seiches.

Comparison of the gauge data decomposition with the numerical model results, Fig. 3b-d, shows that the model statistics

agree with the observed statistics. Differences are found for gauges that are located within coastal lagoons or estuaries, such205

as Ueckermuende, Althagen, Barhoeft, Kappeln, Schleswig, and Gdansk, since the hydrodynamics are not resolved at the 1

N.M. resolution of the model, as discussed by Lorenz and Gräwe (2023a). Note that even a 200 m resolution is insuf�cient to

reproduce the hydrodynamics in these areas, resulting in the model overestimating ESLs in these regions (Kiesel et al., 2023b).

Although located outside the semi-enclosed Baltic Sea, stations in the Kattegat and Skagerrak (stations 20-28) and in the

North Sea (station 73) still exhibit large �lling contributions of 40-50%. This shows that, at least for ESL events, low-frequency210

waves such as the �lling contribute to the slow sea level variability. This makes sense as the mean �lling of the Baltic Sea is

controlled by the water exchange with the North Sea, which requires long periods of elevated sea level in front of the Danish

Straits. Since tides are excluded in the simulations, the low-frequency variability cannot be a superposition effect such as the

spring-neap cycle, further indicating that low-frequency waves also contribute signi�cantly to ESLs in the more open eastern

North Sea. As a contrast to the Baltic Sea stations, we included one station in the North Sea, Cuxhaven (72). The model deviates215

from the observations for this station in the southeastern North Sea because tides are not included in the model. Nevertheless,

the �lling contribution of about 25% to the ESLs is a noteworthy result, indicating that persistent westerlies can elevate the

mean sea level for a period of at least one week and longer in this region.
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Figure 3. Temporal decomposition of the peak sea levels: a) Map of the temporal decomposition of the ESL events in the observations for

each station. b) Comparison of the modelledsurgecomponent with thesurgecomponent from the observed sea level data. The mean (dots)

and standard deviation (caps) are obtained from the Gaussian distribution �ts (except for sea ice simulations, see Section Work�ow), compare

Fig. 2d. c) As b) but for the�lling component. d) as b) but for theseichecomponent.
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3.1.1 Correlations between the components

A correlation analysis (Pearson's correlation coef�cient) of the three temporal components (Fig. 4a-c) reveals that the �lling220

and the surge components are negatively correlated for the western and central Baltic Sea (Fig. 4a). The �lling and the seiche

components show only a weak negative correlation (Fig. 4b). The seiche and surge components are positively correlated for

the central and eastern Baltic Sea (Fig. 4c).

The negative correlation between surge and �lling is surprising at �rst sight, as it is known that most ESLs in the Baltic Sea

are a coincidence of both contributions. At second glance, it does not contradict the fact that most ESLs are a combination of225

high �lling states and storm surges which would intuitively indicate a positive correlation. The negative correlation between the

relative �lling and surge components is partly an artefact of the decomposition method since we do not correlate the whole time

series, but only the extracted statistical samples which we used for the Gaussian distribution �ts. Since the peak sea level of each

event is �xed, a particularly high surge (right side of the surge's Gaussian distribution) must naturally coincide with a lower

�lling state relative to the mean of the Gaussian distribution (left side of the �lling's Gaussian distribution), which emphasizes a230

negative correlation. Otherwise, the average relative ESL would be higher than 100% and thus the �tted Gaussian distributions

would be wrong. The same applies to a low surge and a high �lling state. Therefore, these two components must be negatively

correlated in this decomposition approach of the mean ESL. For the Warnemuende station this negative correlation is clearly

visible, both for the modelled and the observed ESL events (Fig. 5, here with non-normalised sea levels). Of course, events

where both the �lling and the surge components are very high relative to their mean are also possible and observed (Groll235

et al., 2024). For example, some of the highest peaks at Warnemuende, exceeding 1.5 m (Fig. 5b, events numbers 33, 52, 73,

110), are formed by the combination of very high surge and high �lling components. However, the probability of occurrence of

extremely high �lling and surge combined ESL events is low. Nonetheless, these events are often among the most devastating

ones and can lead to dangerous inundations in the coastal regions, e.g. the historic 1872 surge (Hofstede and Hamann, 2022).

The positive correlation between the seiche and the surge can be explained by the initialisation of the seiche by preceding240

weather systems before the actual surge occurs, i.e. seiches are excited by a previous surge. The stronger the subsequent system,

the higher the seiches initialised by the previous system are likely to be. It is also likely that the frequency of the seiches is

comparable to the duration of the surges, so the forced �t may overestimate the height of the seiches during the ESL event.

Areas where the correlation is low and not signi�cant indicate that the phase of the seiche during the surge's peak is random.

The negative correlation between �lling and seiches shows smaller coef�cients than between �lling and surge components,245

indicating that seiches tend to be small when �lling is high and vice versa. Since there is a positive correlation between surges

and seiches, and a negative correlation between �lling and surges in the same areas, it makes sense that seiches should generally

be negatively correlated with �lling as well.

3.1.2 Potential increases of maximum sea levels by time shifting the components

Since the low-frequency waves of the �lling component and the high-frequency contributions from seiches and surges operate250

on different time scales, the timing of their peaks should be independent of the �lling levels, essentially making them random.
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Figure 4. Correlation maps for the three temporal components: a) Correlation coef�cient forsurgeand�lling components. b) Correlation

coef�cient for �lling andseichecomponents. c) Correlation coef�cient forseicheandsurgecomponents. The hashed areas indicate where

the p-value is below 0.05.
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Figure 5. Illustration of the temporal decomposition and the correlation between the components for the station Warnemuende. a) The three

components�lling , surgeandseichefor the modelled ESL event. b) As a) but using the observed ESL events. In grey, the maximum ESL

heights are shown, e.g. the potential sea level if the surge peak, the seiche peak, and the maximum �lling (all� 24h around surge peak)

co-occurred.

Therefore, we assess the potential increase in peak sea levels under a worst-case scenario, where the peaks of all three compo-

nents align. Speci�cally, we examine the maximum �lling levels and seiche heights within a 48-hour window surrounding the

ESL peaks. For the Warnemuende station, the mean and maximum potential increases due to these compounding components

are11(10)cm and39(37)cm respectively, where the values in the brackets are from the observations (grey in Fig. 5). A more255

detailed examination of these potential increases shows that the �lling component has less potential to increase the ESLs than

the seiche component (Fig. 6a-d). On average, the �lling could have increased the ESLs by only a few centimetres (Fig. 6a),

whereas the maximum increase could have been in the range of 10-20 centimetres (Fig. 6b). If the seiche peaks were aligned

with the surge peaks, the mean increase could reach 10 cm (Fig. 6c) and the maximum increase of up to 30-40 cm (Fig. 6d).

The largest mean increases are found in the western Baltic Sea and at the head of the Gulf of Finland with values between260

10-15 cm (Fig. 6e). The largest maximum increases are also found in these regions with values reaching up to 50 cm (Fig. 6f).

The large potential increases in the northern Baltic Sea most likely correspond to the effect of seiches introduced by preceding

storms, i.e. the clustering of passing storm systems as described by Rantanen et al. (2024). The potential increases by seiches

are small in the central Baltic Sea, where a positive correlation between the surge and the seiches is found (Fig. 4c).

3.2 Decomposition into forcing components265

As expected, the surge component is almost entirely explained by the winds. Throughout the Baltic Sea, winds account for

80% and more of the surge heights (Fig. 7). The remainder is mainly explained by atmospheric pressure. Winds continue
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