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Coastal regions face increasing risks from compound events, extreme sea levels, and
wave hazards, all of which are expected to be influenced by ongoing climate change.
In the Baltic Sea region, characterised by strong seasonal variability and semi-enclosed
oceanographic conditions, projecting and managing these hazards is particularly challenging
due to considerable climate-related uncertainties. This thesis explores how statistical and
machine learning methods can support more accurate and flexible assessments of present and
future coastal hazards. A key focus is on developing approaches to reconstruct and project high-
resolution sea level and wave time series at local scales. The use of Random Forest, a machine
learning algorithm, proved effective in extending historical records in data-scarce areas and
enabled more robust estimates of extreme sea level probabilities by incorporating ensemble-
based uncertainty quantification. The risk of flooding increases when compound events, caused
by the interaction of river discharge and high sea levels, are considered at the river mouth
in Halmstad, Sweden. However, results show that joint risk estimates are highly sensitive to
the selection of input data and the structure of statistical models, underscoring the need for
transparency and methodological care. Projections of future extremes reveal spatial variability
in storm tide behaviour, and a slight decline in extreme wave heights in the Baltic Sea. However,
these changes are often within the range of natural variability and differ substantially between
climate models, indicating limited dependence on emissions scenarios in the case of waves.
The thesis highlights the dominant role of internal atmospheric variability and underscores
the importance of local, ensemble-based assessments. Overall, this work provides robust,
transferable tools for coastal hazard assessment. It emphasises the value of statistical modelling
to improve predictions in support of climate adaptation planning.
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1 Introduction

Our society faces numerous threats from natural hazards. Extreme weather
and climate-related events can escalate into disasters when they interact with
vulnerable human and ecological systems. According to the World Meteoro-
logical Organisation, approximately 80% of disasters occurring between 1970
and 2019 were linked to meteorological, climate, and water-related phenom-
ena (WMO, 2021). Among these, storms and floods stand out as the hazards
with the highest economic costs, and they have directly affected the physical
health of over 2 billion people between 2000 and 2020 (Clarke et al., 2022).
Understanding the underlying drivers, interactions, and patterns of these com-
plex events is essential for developing effective strategies for disaster prepar-
edness, response, and risk mitigation.

Coastal regions are among the most densely populated and economically
active areas, hosting critical infrastructure and diverse human activities
(Neumann et al., 2015). These zones lie at the interface of land, sea, and at-
mosphere, where interacting processes across multiple spatial and temporal
scales create conditions conducive to flooding. As a result, coastal areas are
particularly vulnerable to high-impact events and disasters (Vousdoukas et al.,
2017; Wahl et al., 2017; Brown et al., 2018). This vulnerability is shaped by
both natural processes and human modifications of the environment.

In recent decades, climate change has emerged as a major driver of in-
creased coastal flood risk. There is clear evidence that the global climate is
warming, primarily due to anthropogenic greenhouse gas emissions, although
regional effects vary (IPCC, 2021). Due to climate change, sea level is rising
globally, and this rise is accelerating (Church ef al., 2013; Dangendorf et al.,
2019), with regional differences influenced by ocean dynamics and land
movement (Vousdoukas ef al., 2017; Fox-Kemper et al., 2021; Melet et al.,
2023). Around Sweden, the western and southern coasts are expected to be
most affected, as sea level rise in the North is largely compensated by land
uplift due to glacial isostatic adjustment, also called post-glacial rebound
(Hieronymus and Kalén, 2020a). At the same time, changes in atmospheric
circulation may affect the frequency and intensity of storms, with implications
for both extreme sea levels (ESLs) and wave climate (Rutgersson et al., 2022).
Understanding and projecting these evolving hazards is essential for effective
coastal management and spatial planning (Hieronymus and Kalén, 2022; van
de Wal et al., 2024). However, predicting future coastal hazards is inherently
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uncertain due to the combined effects of emission scenarios, model structures,
and internal climate variability (Hawkins and Sutton, 2009). To reduce the
negative impacts of extreme events, improved prediction and accurate uncer-
tainty quantification are needed (Thorarinsdottir et al., 2017).

To mitigate the impacts of such events, both economically and socially, it
is crucial to understand their physical characteristics and link them to their
cascading socio-economic consequences. From a physical perspective, this in-
volves estimating key parameters such as return periods (RPs) of ESLs, which
inform flood depth and velocity assessments. These, in turn, support the eval-
uation of direct damages to infrastructure using damage models. Indirect dam-
ages, such as welfare losses that account for risk aversion and equity concerns,
can also be partially quantified (Halsnas, Kaspersen and Drews, 2015). Ef-
fective communication with stakeholders and the public is equally important,
particularly in raising flood risk awareness. Factors such as previous flood
experience, knowledge levels, and the timing of communication (whether be-
fore or after an event) play a critical role (Mondino et al., 2020).

Despite advances in compound flood modelling and oceanographic climate
projections, significant uncertainties remain in the statistical treatment of ex-
treme events. This thesis aims to improve our understanding of coastal ocean
conditions, specifically storm tides and wind waves, by developing data-
driven methods to reconstruct and analyse extreme events, evaluating key un-
certainties in compound flood modelling, and assessing projected changes in
oceanographic extremes under future climate scenarios. The research is based
on four papers, each addressing a distinct aspect of coastal hazard assessment
in the Baltic Sea region. In Paper I, statistical and machine learning methods
are developed and applied to extend short sea level records using nearby tide
gauge data, improving the estimation of ESLs in data-scarce locations. In Pa-
per 11, different data sources and statistical copula fits are investigated to as-
sess how methodological choices affect estimates of compound flood return
levels (RLs) at a river mouth, highlighting their impact on flood risk assess-
ments. A machine learning framework is developed in Paper III to project
future storm tide extremes across the Baltic Sea, revealing spatial patterns of
change and associated uncertainties across multiple climate models. In Paper
IV, a similar approach is applied to significant wave height (Hs), examining
long-term trends and projected changes in wave extremes, and linking these to
large-scale atmospheric circulation patterns. Together, these studies provide a
multifaceted perspective on present and future coastal hazards in the Baltic Sea.
They combine methodological development with regional climate analysis to
advance both the accuracy and interpretability of oceanographic extreme assess-
ments in support of climate adaptation and coastal risk planning.

This thesis is structured as follows: in Chapter 2, the study area where the
research was conducted is introduced. The theoretical background is intro-
duced in Chapter 3, outlining the key mechanisms behind coastal flooding and
surface oceanographic hazards (i.e., ESLs, wind waves). The data and
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methods used throughout the thesis are described in Chapter 4. The main find-
ings from the four papers are synthesised in Chapter 5. Finally, in Chapter 6, the
thesis is concluded, and potential directions for future research are outlined.
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2 Study area

This thesis focuses on the Baltic Sea and its coastal regions (Fig. 2.1), with
particular emphasis on the west coast of Sweden in Papers I and I1. The anal-
ysis in Paper I is centred on the Kattegat basin, located along Sweden’s west
coast, while compound flood risk in the city of Halmstad is specifically inves-
tigated in Paper II. In contrast, the analyses presented in Papers III and IV
expand the scope to the entire Baltic Sea and its sub-basins, based on the avail-
ability of long-term observational records and the need to assess regional-scale
climate variability.

-e-tide gauge (Papers |, Il & IIl)
-®-tide gauge (Papers | & IIl)
~#xriver discharge (Paper 1)
-e-tide gauge (Paper I}

| = wave buoy (Paper IV)

Bothnian
Bay

Gulf of
Finland

| Gulf of
T Riga

1_0°‘E

s 20°E

Figure 2.1. Map of the study area in Northern Europe, showing the Baltic Sea and its
sub-basins (italic labels). Symbols indicate locations of tide gauges, wave buoys, and
river discharge stations used across Papers I-IV (based on Klemeshev et al., 2017
and Weisse et al., 2021).

The majority of Sweden’s coastline borders the Baltic Sea, a semi-enclosed

basin in Northern Europe shaped primarily by fluvial and glacial erosion (Hall
and van Boeckel, 2020). The Baltic Sea is relatively small, covering an area
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0f 393000 km?, and shallow, with an average depth of 54 meters. It is charac-
terised by low salinity, approximately one-fifth that of typical ocean water,
due to limited saline water inflow through the Danish Straits and a catchment
area more than four times larger than the sea itself (Meier, Rutgersson and
Reckermann, 2014). This results in a positive freshwater balance, maintained
by net precipitation and river discharge (Hordoir and Meier, 2010).

Spanning latitudes 54° to 66°N and longitudes 10° to 30°E, the Baltic Sea
experiences both maritime temperate and continental sub-Arctic climate zones
(Meier et al., 2022a). Seasonal ice formation during winter, particularly near
the Arctic Circle, significantly influences the region’s physical and ecological
dynamics (Leppédranta and Myrberg, 2009). The broader Baltic Sea region,
including its catchment, exhibits strong spatial and temporal variability in cli-
mate, topography, hydrography, population distribution, land use, and anthro-
pogenic pressures (Kulinski ef al., 2022).

To the west, the North Sea lies on the European continental shelf of the
Atlantic Ocean, with an average depth of 80 meters. The west coast of Sweden
is situated between the Baltic and North Seas, encompassing the Skagerrak
and Kattegat basins. The Skagerrak exhibits near-oceanic salinities exceeding
30 psu and serves as a key conduit for water exchange between the Baltic and
North Seas via the Danish Straits (Fig. 2.1).

Over the past two centuries, the Baltic Sea region has experienced notable
changes in atmospheric circulation, oceanographic conditions, and hydrolog-
ical regimes (Rutgersson et al., 2014). These include a significant warming
trend, increased persistence of specific weather types, consistent trends in
wind and wave height patterns, and an increase in extreme precipitation
events. However, assessing long-term trends in rare extreme events remains
challenging due to large statistical uncertainties. Additionally, human activi-
ties, such as urbanisation and the construction of levees, have further altered
coastal processes (Reckermann ef al., 2022).

Sweden’s coastline extends over 3000 km along the Skagerrak, Kattegat,
and Baltic Sea basins (Fig. 2.1). Approximately 82% of the Swedish popula-
tion lives in coastal areas, making these regions particularly vulnerable to sea-
level rise, storm surges, and wave impacts. Exposure varies significantly
across regions and localities. In the Nordic countries (Denmark, Finland, and
Sweden), flooding is one of the most frequent natural hazards, occurring al-
most annually and often causing widespread damage (Nadim ef al., 2008).
Projections suggest that flood risk in the Baltic Sea states will increase in the
coming decades, with 100-year RP hazard levels expected to shift from “low”
or “very low” to “medium” or “high” by 2071-2100 (Hosseinzadehtalaei,
Tabari and Willems, 2020).

This context underscores the scientific relevance and complexity of the
Baltic Sea as a study area. Its semi-enclosed nature, strong seasonal variabil-
ity, and pronounced regional variability present both opportunities and chal-
lenges for analysing compound flood hazards and oceanographic extremes in
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a changing climate. These characteristics shape the focus and methodological
choices made throughout this thesis.
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3 Theory & Background

Throughout this thesis, extreme events are defined as rare natural occurrences
that take place at a specific location and time. The focus is on coastal flood
hazards and the uncertainties associated with predicting them, as well as wind-
wave hazards. A flood is defined as the overflow of water onto normally dry
land, with its severity determined by the depth and duration of inundation.
Understanding the mechanisms behind such events requires examining the
oceanographic dynamics of coastal zones, particularly during extreme condi-
tions when sea levels rise significantly and may lead to flooding. In addition
to ocean-driven events, hydrological floods can occur in coastal areas when
river discharge or precipitation reaches extreme magnitudes. Compound
flooding arises when multiple drivers, such as oceanographic and hydrological
processes, coincide, particularly in estuarine regions, thereby amplifying flood
risk. This interaction is analysed in Paper I, which examines how methodo-
logical choices, such as the selection of data sources and statistical copula
models, affect compound flood estimates in a Swedish river mouth.

The coastal zone is shaped by a wide range of interacting physical pro-
cesses operating across multiple spatial and temporal scales. Coastal ocean
circulation is influenced by forces such as wind, atmospheric pressure, radia-
tive forcing, evaporation and precipitation, freezing and melting, river dis-
charge, tides, and offshore currents (Fig. 3.1). These processes unfold over
timescales ranging from hours to decades. Key factors such as bathymetry,
density stratification, and the Coriolis effect, resulting from Earth's rotation,
play significant roles in modulating these dynamics.

The coastal ocean is also subject to extreme phenomena, including storm
surges, wind-driven waves and swell, tsunamis, coastal erosion and accretion,
and sea level rise (Mooers, 1999). These processes are not only influenced by
natural variability but are also expected to change under future climate sce-
narios. In this context, the projected impacts of climate change on coastal haz-
ards in the Baltic Sea are investigated in Papers III and IV. In Paper 111, the
long-term variability and future projections of storm tides are examined. In
contrast, the climate evolution of wind-generated waves is studied in Paper
IV, analysing how atmospheric circulation patterns may alter wave conditions
across the region. These projections are essential for understanding how com-
pound coastal flood risks may evolve in the coming decades.
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Figure 3.1. Key natural processes influencing the variability and dynamics of the Bal-
tic Sea (from Weisse et al., 2021).

3.1 Extreme Sea Levels

In Papers L, 11, and II1, sea level at a given station is considered extreme when
it reaches its annual maximum or exceeds a high percentile threshold, typically
the 95" or 99™ percentile, based on a probability density function estimated
from observations. In all three papers, ESLs are defined relative to the local
mean sea level and include both tides and storm surge components, collec-
tively referred to as storm tides.

Along the Swedish coast, tidal influence is most noticeable on the West
coast, reaching amplitudes of approximately 40 cm in the Skagerrak and 20
cm in the Kattegat during spring tides. In contrast, tides are relatively minor
within other Baltic sea basins, with a maximum range below 10 cm
(Medvedev, Rabinovich and Kulikov, 2013). Due to this low tidal variabil-
ity, ESLs were not decomposed into tidal and non-tidal components in any
of the papers.

The dominant contributor to ESLs in the Baltic Sea is the storm surge, a
rise in sea level driven by atmospheric pressure changes and wind stress dur-
ing storms. Storm surges typically last from a few hours to several days and
are primarily caused by synoptic-scale cyclones. These cyclones are charac-
terised by closed low-pressure systems with counter-clockwise wind rotation
in the Northern Hemisphere. When local atmospheric pressure drops, sea level
rises in response to the reduced pressure load, a phenomenon approximated
by the inverted barometer effect, where a 1 hPa decrease in pressure
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corresponds to a 1 cm rise in sea level. Additionally, strong winds associated
with these systems can push water toward the coast, further elevating sea lev-
els. The amplitude of storm surges is approximately proportional to the
square of wind speed (Pugh, 1987) and is influenced by factors such as water
depth, bottom friction, density stratification, atmospheric stability, and sur-
face roughness.

In the Baltic Sea, storm surges are closely associated with extra-tropical
cyclones that travel across Northern Europe and Scandinavia (Wolski et al.,
2014; Rantanen et al., 2024). These systems commonly develop during the
North Atlantic storm season, when strong meridional temperature gradients
generate baroclinic atmospheric conditions favourable for cyclone develop-
ment. Such storms typically follow a north-eastward trajectory and frequently
affect regions including Iceland, Northern Europe, and the Baltic Sea (Hoskins
and Hodges, 2002; Dacre et al., 2012).

A third relevant phenomenon occurring in the Baltic Sea is the precondi-
tioning of sea levels, especially before the onset of a storm. This occurs under
specific conditions, such as prolonged periods of prevailing westerly winds,
which drive large volumes of seawater from the North Sea into the Baltic Sea
through the Danish straits (Samuelsson and Stigebrandt, 1996). While the
long-term average outflow from the Baltic is about 7 km? per day (Winsor,
Rodhe and Omstedt, 2001), short-term inflows can reach 45 km? per day in
both directions, resulting in sea level changes of around 12 cm. Major inflow
events typically involve water volumes of approximately 100 km? and can
raise sea level in the Baltic Sea by roughly 24 cm over a period of 10 days or
more. Between 15 and 29 December 2023, a 57 cm increase at the Landsort
Norra site, located in the Baltic Proper, was associated with a 198 km? total
volume change in the Baltic Sea (Purkiani, Jochumsen and Fischer, 2024).
These elevated background conditions can significantly amplify storm surge
impacts (Weisse et al., 2021; Andrée et al., 2023; Groll, Gaslikova and
Weisse, 2025).

ESLs vary geographically along the Baltic Sea coastline. Between 1960
and 2010, typical ESLs along most of the Swedish coast ranged from 100 to
150 cm. Higher values, between 150 and 200 cm, are observed in the Bothnian
Sea and Kattegat, while the highest values, exceeding 250 cm, have been rec-
orded in the Gulf of Riga and the south-eastern Gulf of Finland (Wolski et al.,
2014). In Sweden, the highest recorded sea level prior to 2015 was 177 cm in
Kalix (14 January 1984). This record was surpassed on 29 November 2015,
when the Swedish Meteorological and Hydrological Institute (SMHI) rec-
orded an hourly sea level of 216 cm (and up to 239 c¢m in high-frequency data)
in Halmstad during windstorm Gorm (Johansson, 2018).

At the global scale, sea levels are rising due to climate change, and this rise
is accelerating (Church et al., 2013; Dangendorf et al., 2019). However, the
magnitude of sea level rise varies regionally (Vousdoukas et al., 2017; Fox-
Kemper et al., 2021; Melet et al., 2024). In the Baltic Sea, it is projected to
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reach approximately 87% of the global mean rise (Meier et al., 2022a). Rela-
tive sea level rise is considered the main driver of future changes in ESLs
across Europe (Paprotny and Terefenko, 2017; Abadie et al., 2019; IPCC,
2019). In Northern Europe, however, projected changes in extra-tropical cy-
clone activity may also significantly influence future ESLs (Vousdoukas et
al., 2018), particularly in regions with complex coastal geometries such as the
Baltic Sea (Vousdoukas ef al., 2016; Andrée et al., 2021). In these areas, post-
glacial rebound partly offsets relative sea level rise (Hieronymus and Kalén,
2020b; Pellikka et al., 2023). Meier et al. (2022b) emphasise that ESLs in the
Baltic Sea are sensitive to storm tracks and wind speeds, which, according to
Christensen ef al. (2022), do not exhibit clear trends in future projections. How-
ever, uncertainty remains high (Meier ef al., 2022a). Consequently, storm surge
changes are associated with low confidence, and further research is needed to
better understand their role under climate change (Rutgersson et al., 2022).

In addition to the processes discussed above, other phenomena also con-
tribute to vertical sea surface motion. These include tsunamis, seiches, and
wind-generated waves. Tsunamis in the Baltic Sea are rare but have been ob-
served, often triggered by sudden atmospheric pressure changes known as me-
teotsunamis. Pellikka ef al. (2020) identified 121 potential tsunamis in the Gulf
of Finland between 1922 and 2014, with 70% associated with pressure jumps
(Bailey, DiVeglio and Welty, 2014). Seiches are standing wave oscillations in
enclosed or semi-enclosed basins, triggered by wind or atmospheric pressure
disturbances. For example, internal seiches have been observed in the Gullmar
Fjord in Sweden (Arneborg and Liljebladh, 2001), and large-scale seiches in the
Baltic Sea can reach amplitudes of 40 cm with periods of several days (Hanson
and Larson, 2008; Zakharchuk et al., 2021; Lorenz, Viigand and Grawe, 2025).
Although wind-generated waves are shorter in period, they can significantly
contribute to coastal water level extremes by inducing wave setup and dissipat-
ing energy at the shoreline (Dean et al., 2005; Dodet et al., 2019).

3.2 Wind-generated waves

Wind-generated waves are a key component of coastal ocean dynamics and
play a significant role in shaping extreme coastal water levels, coastal hazards,
and infrastructure vulnerability. These waves form through the transfer of en-
ergy from wind to the ocean surface and may propagate locally or over long
distances as swell. In coastal areas, wave energy dissipates or breaks nearshore,
contributing to wave setup, an elevation of the mean water level above the still
water level, and wave runup, the maximum vertical extent reached by individual
waves on the shoreline. These processes are influenced by incident wave con-
ditions and nearshore bathymetry. During extreme events, wave runup can ex-
ceed 10 meters at specific sites (Poate, McCall and Masselink, 2016).
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Wind waves contribute to coastal flooding, erosion, and infrastructure dam-
age, particularly during storm events (Stockdon et al., 2006; Melet, Almar, et
al., 2020). They also affect shoreline morphology, pollution transport, and
marine safety (Ranasinghe, 2016; Melet et al., 2020). At the air-sea interface,
wind waves modulate key exchange processes, including gas fluxes, sea-ice
interactions, and atmospheric boundary layer dynamics, with potential feed-
backs on the climate system (Rutgersson, Nilsson and Kumar, 2012; Ardhuin
etal.,2017).

In the context of climate change, projected changes in wave climate across
different Baltic Sea sites are examined in Paper IV, using observational rec-
ords and model simulations. The Baltic Sea wave climate is characterised by
short wind seas, mild average conditions, and strong seasonal variability, es-
pecially in northern regions affected by sea ice. Ice cover dampens wave en-
ergy and reduces Hs, with reductions of up to 30% reported in the Bay of
Bothnia and annual wave energy losses exceeding 80% (Bjorkqvist et al.,
2018; Najafzadeh et al., 2022).

Historical trends in wave climate exhibit substantial decadal variability but
no clear long-term increase in extreme wave intensity (Soomere ef al., 2015;
Rutgersson et al., 2022). Between 1979 and 2018, a decline in average annual
Hs was observed across most Baltic sub-basins, particularly during late winter
(Sokolov and Chubarenko, 2024). Extreme wave events, defined by Hs exceed-
ing the 99.9" percentile, have reached over 7 meters, with modelled wave
heights during Cyclone Gudrun estimated at 9.5 meters (Soomere, 2008). Ob-
served Hs in the Baltic Sea, however, have remained below 9 metres.

Future projections indicate spatially variable changes in wave climate.
North of 59° N, a slight increase in wintertime wave frequency is expected,
while no significant changes are projected further south (Rutgersson et al.,
2022). These trends are primarily linked to shifts in atmospheric circulation,
including increased wind speeds and more frequent westerly winds, which af-
fect fetch conditions and wave characteristics (Groll et al., 2017). However,
substantial uncertainty remains, particularly for extreme wave events, due to
limitations in regional climate modelling and sparse observational coverage
(Vanem, 2017; Morim et al., 2018).

3.3 Hydrological flooding in coastal catchments

Hydrological flooding is briefly examined in Paper II in the context of com-
pound coastal flood events, focusing on the estuarine area of Halmstad, where
the Nissan River flows through the city. In this thesis, a river flood event is
considered extreme when the river discharge at a given station reaches its an-
nual maximum.

River floods can be triggered by heavy rainfall, snowmelt, ice jams, or the
failure of dams and levees. Flash floods occur when precipitation exceeds the
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soil’s infiltration capacity, leading to rapid and intense rises in water levels.
In Sweden, river flooding is strongly influenced by atmospheric variability
and topographic features. Most rivers originate in the mountainous areas along
the Norwegian border and flow eastward into the Bothnian Bay and northern
Baltic Sea. In contrast, southern Sweden is characterised by lower elevations,
smaller rivers, and large lake systems draining into the Skagerrak, Kattegat,
and southern Baltic Sea.

Historical records indicate long-term variability in flood occurrence. Be-
tween 1400 and 1800, changes in flood frequency were linked to variations in
precipitation and temperature (Retsd, 2015). For the 20" century, runoff trends
in Sweden showed strong positive anomalies, around 8%, in the 1920s, 1980s,
and 1990s. An overall 5% increase in average runoff was observed from 1901
to 2002; however, this trend carries high uncertainty, and no significant in-
crease in the frequency of 10-year RP floods was identified (Lindstrom and
Bergstrom, 2004).

3.4 Compound coastal floods

Compound coastal flooding in Halmstad is investigated in Paper II, with a
focus on the interaction between hydrological (river discharge) and oceano-
graphic (sea level) drivers. The study highlights how methodological deci-
sions, particularly the selection of data sources and statistical modelling
frameworks, can substantially influence the estimation of extreme water lev-
els. In this context, compound flood events are defined as situations in which
two or more drivers act concurrently or sequentially, potentially amplifying
societal or environmental impacts beyond what would result from individual
events (Zscheischler ef al., 2018).

Compound events are typically grouped into four categories: precondi-
tioned events, such as intense rainfall falling on already saturated or snow-
covered ground; temporally compounding events, including storm clusters
that occur in rapid succession; spatially compounding events, in which wide-
spread hazards arise from simultaneous impacts across multiple locations; and
multivariate events, such as compound floods, where multiple physical driv-
ers, like storm surges and river discharge, converge at the same site
(Zscheischler et al., 2020). The latter form is especially relevant along the
southwest coast of Sweden (Yang et al., 2025), particularly for estuarine en-
vironments like Halmstad (Hieronymus et al., 2024), where the interaction
between inland and coastal processes plays a central role in flood dynamics.

In coastal zones, flooding is rarely the result of a single driver. Instead, it
is frequently shaped by the combined influence of storm surges, tides, wind
waves, mean sea level rise, river discharge, intense rainfall, and elevated
groundwater levels. These conditions are often linked to cyclonic weather sys-
tems and exhibit strong spatial and temporal variability (Kew et al., 2013;
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Wahl et al., 2015; Moftakhari et al.,, 2017, Aghakouchak et al., 2020;
Bevacqua et al., 2020). In estuarine settings, such as the one explored in Paper
II, compound events are often associated with the “backwater effect.” This
occurs when elevated sea levels, often driven by storm surges, impede river
discharge, causing inland water to accumulate and amplifying the flood risk
(Wahl et al., 2015; Feng et al., 2022). These effects are particularly relevant
in the Kattegat basin, where shallow coastal topography and a strong coupling
between hydrological and marine systems have been shown to increase the
likelihood of compound events (Eilander ef al., 2020).

To quantify these interactions, various methods have been developed to as-
sess the dependence between drivers. While a wide range of statistical tech-
niques exists, including parametric and nonparametric approaches, copula-
based models have become increasingly popular due to their ability to describe
nonlinear and tail dependencies between variables (Hao, Singh and Hao, 2018;
Bevacqua et al., 2019; Couasnon et al., 2020). In Paper II, such a copula-
based approach is adopted, which allows for the separation of marginal distri-
butions from the dependence structure, thereby enabling more flexible and ro-
bust modelling of joint exceedance probabilities (Joe, 2014; Sadegh, Ragno
and AghaKouchak, 2017; Sadegh et al., 2018). Beyond statistical approaches,
compound flood risk assessments often benefit from hydrodynamic and hy-
brid modelling frameworks, which simulate the physical processes underlying
these events. These models have been used to capture interactions between
atmospheric, hydrological, and oceanographic forcings, and are particularly
valuable for projecting compound flood extents and depths in complex settings
(Couasnon, Sebastian and Morales-Napoles, 2018; Moftakhari et al., 2019;
Gori, Lin and Xi, 2020; Eilander et al., 2023; Olbert et al., 2023). While such
models are not used in this thesis, they represent an important complement to
statistical approaches in the broader field of compound hazard research.
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4 Data & Methods

In Earth Sciences, modelling is an essential tool for understanding the com-
plexity of natural processes and human-induced changes. Models enable re-
searchers to simulate various scenarios and predict possible outcomes, such as
those related to weather or climate. A typical modelling framework includes
four key steps: defining the problem, quantifying relevant variables, estimat-
ing solutions, and validating the results (Silvia and Robinson, 1979). Dynam-
ical models, used to simulate the ocean, atmosphere, and other Earth systems,
are based on physical laws, but the processes they represent are inherently
nonlinear and sensitive to initial conditions. This sensitivity, often referred to
as the "butterfly effect,”" introduces uncertainty into model-based predictions
(Rouvas-Nicolis and Nicolis, 2009). Observational data are therefore essential
for calibrating and validating models. In the study of atmospheric and oceanic
systems, two main approaches are commonly used: dynamical modelling,
which is based on physical equations, and statistical modelling, which infers
relationships directly from data. The datasets and modelling approaches used
throughout this thesis are presented in this chapter.

4.1 Data

4.1.1 Observations

In-situ observations provide the most accurate representation of atmospheric,
oceanographic, and hydrological conditions, though they are inherently lim-
ited in spatial and temporal coverage. This limitation is particularly important
when studying rare extreme events such as storm surges, compound floods, or
extreme waves. To fill these gaps, researchers use models, such as those in
Paper I, that reconstruct past conditions and simulate historical weather sce-
narios. These models help extend the observational records, providing a wider
spatial and temporal coverage that is often necessary to understand rare events.
This thesis addresses these limitations by combining observational records
with model-based reconstructions and machine learning approaches.

- Oceanography

Hourly sea level observations were obtained from multiple tide
gauges across the Baltic Sea (Fig. 2.1). For Paper I, data from SMHI
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and the Danish Meteorological Institute (DMI) were used at four sta-
tions: Halmstad, Ringhals, Viken (Sweden), and Hornbzk (Den-
mark). For Paper II, data from SMHI were used at two stations:
Halmstad and Viken. In Paper I11, the spatial scope was expanded to
include 59 stations from SMHI, Sjofartsverket, DMI, the Finnish Me-
teorological Institute (FMI), and the Global Extreme Sea Level Anal-
ysis (GESLA) v3 database (Haigh et al., 2022), with time series rang-
ing from 7 to over 100 years.

Hs observations used in Paper IV were obtained from 17 buoys
operated by SMHI and FMI (Fig. 2.1). These datasets, provided at
hourly or higher resolution, were aggregated to 3-hourly maxima to
match the temporal resolution of climate model inputs. Extreme wave
events were identified using percentile thresholds (95" or 99™).

- Hydrology
Daily river discharge data for the Nissan River at Halmstad were ob-
tained from SMHI (station 2471 “Nissastrom”) for the period 1997-
2021 (Fig. 2.1). These data were used in Paper II to assess compound
flood risk in a river mouth environment.

4.1.2 Reanalysis and hindcast models

Reanalysis data are produced using data assimilation techniques, whereby ob-
servations are combined with dynamical models to estimate the optimal state
of the atmosphere or ocean across a three-dimensional grid. These datasets are
widely used to initialise weather forecasting systems and to reconstruct his-
torical climate conditions. However, global reanalysis products often suffer
from coarse spatial and temporal resolution, limiting their ability to capture
extreme events at meso- and synoptic scales (Meucci, Young and Breivik,
2018; Takbash, Young and Breivik, 2019). To overcome these limitations, re-
gional reanalysis products have been developed with finer resolution and bet-
ter performance in specific domains.

- Atmospheric
ERAS reanalysis (Hersbach et al., 2023) was used in Papers III and
IV to train Random Forest (RF) models for predicting storm tides and
wave heights. ERAS provides hourly data at around 31 km spatial res-
olution from 1940 to the present. Variables including wind speed,
wind direction, and surface pressure were extracted from the nearest
sea-based grid point to each station.

- Oceanography
The Baltic Monitoring and Forecasting Centre (BAL MFC) of the Co-

pernicus Marine Environment Monitoring Service (CMEMS)
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provides a high-resolution ocean reanalysis over the Baltic Sea.
Hourly sea surface height data from 1993 to 2020, with a spatial res-
olution of approximately two nautical miles, were used in Paper II.
The reanalysis is based on the Nemo-Nordic ice-ocean model
(Pemberton et al., 2017) and employs the Localised Singular Evolu-
tive Interpolated Kalman data assimilation method (Nerger, Hiller and
Schréter, 2005). For this study, time series were extracted from the
grid point closest to the Halmstad tide gauge.

- Hydrology

Modelled river discharge data used in Paper II were obtained from
the Hydrological Predictions for the Environment (HYPE) model,
which simulates river flow and water quality at different spatial scales
(Lindstrom et al., 2010). The model is driven by daily temperature
and precipitation inputs. The European HYPE model (E-HYPE) pro-
vides daily river discharge data from 1989 to 2021. These datasets are
accessible via the Vattenwebb platform (https://vattenwebb.
smhi.se/om-vattenwebb). Donnelly et al. (2016) showed that the E-
Hype model performs better for annual and seasonal flows than for
extreme daily flows. The HYPE model, implemented by SMHI for
Sweden (S-HYPE3), serves as an operational tool for forecasting hy-
drological conditions, including floods and droughts, across Sweden.
This model divides the country into smaller sub-basins, averaging
around 28 km? each (Stromqvist et al., 2012). Data from the S-HYPE3
model provide daily river discharge values for the period 2004-2020.
Bergstrand ef al. (2014) noted that S-HYPE tends to underestimate
peak river discharge.

4.1.3 Climate models

Climate models are essential tools for reconstructing past climate conditions
and projecting future changes by simulating the Earth system’s response to
radiative forcing (Denning, 2017). They describe the long-term variability of
variables such as temperature, wind, and precipitation, based on physical
equations applied over a spatial grid (Goosse et al., 2010; IPCC, 2014). Grid
resolution affects the model's ability to represent fine-scale processes, with
higher-resolution models offering greater spatial detail but at a higher compu-
tational cost (Rauscher et al., 2010; Groger et al., 2021). Due to the complex-
ity of the climate system, climate models often rely on simplifications and
parameterisations that can introduce biases in the simulation of magnitude,
timing, or inter-variable dependencies (Teutschbein and Seibert, 2010;
Maraun, 2016; Lucas-Picher et al., 2021). These biases can compromise the
direct use of raw model outputs for impact assessments (Wilcke, Mendlik and
Gobiet, 2013; Hakala, Addor and Seibert, 2018), necessitating post-
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processing techniques such as bias adjustment to improve their applicability
(Teutschbein, Wetterhall and Seibert, 2011; Maraun et al., 2017). The choice
of bias adjustment method can influence projections significantly and propa-
gate uncertainties into downstream applications like flood or drought risk
analysis (Malek et al., 2022). In addition to model structure and resolution,
substantial uncertainty also arises from the choice of emission scenario and
the specific model ensemble used (Wilby and Harris, 2006; Addor et al., 2014;
Her et al., 2019; Ho et al., 2019; Hieronymus, 2020). In practice, impact stud-
ies often rely on a limited set of available models that offer suitable spatial
and temporal resolution for a given region or variable of interest. Employing
multiple climate models helps to capture a broader range of possible futures.

To assess future changes in coastal hazards in the Baltic Sea, climate model
outputs were used in Papers III and IV. These datasets provide long-term
projections of atmospheric conditions under different greenhouse gas emis-
sion scenarios.

- Atmospheric

Four global climate models from the Coupled Model Intercomparison
Project Phase 6 (CMIP6) (Eyring et al., 2016; O’Neill et al., 2016)
were used: EC-Earth3 (Doscher et al, 2022), IPSL-CM6A-LR
(Boucher et al., 2020; Hourdin et al., 2020; Lurton et al., 2020), MPI-
ESM1.2-LR (Mauritsen et al., 2019), and GFDL-ESM4 (Dunne ef al.,
2020). All models provide 3-hourly outputs for both historical (1850-
2015) and future (2015-2100) periods under the shared socioeco-
nomic pathway 2-4.5 (SSP2-4.5). In Paper 1V, additional projections
were evaluated using EC-Earth3 for scenarios SSP1-2.6 and SSP3-
7.0. For each location, data were extracted from the nearest sea-based
grid point and used to drive the RF models that simulated storm tide
and wave conditions.

4.2 Methods

Modelling is a core approach in the geosciences for analysing complex envi-
ronmental systems. In meteorology and oceanography, dynamical models
simulate the physical behaviour of the atmosphere and oceans by numerically
solving nonlinear equations that govern fluid motion (Ghil and Malanotte-
Rizzoli, 1991). These models are implemented over spatial grids and rely on
data assimilation and physical parameterisations to account for sub-grid pro-
cesses (Palmer, 2002). Different numerical schemes, such as spectral and fi-
nite difference methods, are used to solve these equations across space and
time (Mesinger and Arakawa, 1976; Canuto et al., 2007).

However, as systems become more complex and limitations in physical un-
derstanding arise or computational capacity grows, statistical modelling offers
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a complementary approach. Statistical methods aim to identify patterns and
relationships within data without requiring a full mechanistic understanding
of the underlying processes (Davison, 2003). In Earth system sciences, ma-
chine learning methods such as regression trees, RFs (Breiman, 2001), and
neural networks are increasingly employed to simulate environmental varia-
bles at various time scales (Krasnopolsky, 2013). Deep learning has emerged
as a promising tool, offering enhanced capabilities for tasks such as forecast-
ing, downscaling, bias correction, and the detection of extreme events. It pro-
vides a flexible alternative to traditional statistical or threshold-based ap-
proaches (Reichstein et al., 2019). For instance, machine learning models have
successfully replicated sea level dynamics along the Swedish coast
(Hieronymus, Hieronymus and Hieronymus, 2019) and globally (Bruneau et
al., 2020).

These approaches are particularly useful when combined with long-term
climate projections. Global Climate Models and Earth System Models provide
century-scale simulations of atmospheric and oceanic conditions, enabling the
exploration of future changes in coastal hazards. However, their relatively
coarse resolution and structural biases limit their usefulness for regional-scale
impact studies, especially in complex coastal environments (Hawkins and
Sutton, 2009). To address these limitations, researchers apply downscaling
techniques, either dynamical or statistical, to enhance local relevance
(Vaittinada Ayar et al., 2016; Pitsch et al., 2017; Tapiador et al., 2020;
Gebrechorkos ef al., 2023; Jimenez et al., 2024). Recent advances in machine
learning have further strengthened this capacity. Studies have demonstrated the
potential of these techniques to simulate storm surges, ESLs, and wind-waves
across different regions (Ibarra-Berastegi et al., 2015; Mafi and Amirinia, 2017;
Ayyad, Hajj and Marsooli, 2023; Panda, 2023; Kaufmann, Gallo and Camargo,
2024; Krieger et al., 2024; Bekiryazic1 et al., 2025). These approaches offer
computational efficiency and adaptability in modelling complex, nonlinear in-
teractions between environmental drivers and responses.

This thesis applies a combination of statistical modelling, machine learn-
ing, and extreme value theory to investigate coastal flood hazards, wind
waves, and their associated uncertainties in the Baltic Sea region. The methods
are grouped into three main categories: (1) extreme value theory and copula-
based statistical modelling, (2) RF models for sea level and wave prediction,
and (3) uncertainty quantification using RF.

4.2.1 Extreme value theory and copula-based
statistical modelling

Extreme value theory provides a well-established statistical framework for es-
timating the magnitude and frequency of rare events, such as ESLs, storm
tides, or river discharge. In this thesis, extreme value theory is applied to both
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observed and modelled datasets in Papers I-I11, using the Generalised Ex-
treme Value (GEV) distribution fitted to annual maxima. This allows for the
estimation of RLs, such as 30-, 50-, or 100-year events (Coles, 2001).

While univariate extreme value theory is appropriate for analysing individ-
ual hazards, compound events, such as compound coastal floods driven by
both high sea levels and river discharge, require a multivariate framework. To
address this, copula-based statistical modelling is applied in Paper II, allow-
ing for a flexible and robust representation of dependencies between variables,
including in the tails of their distributions (Joe, 2014; Hao and Singh, 2016;
Sadegh, Ragno and AghaKouchak, 2017).

Copulas offer an advantage over traditional correlation metrics by enabling
the construction of joint probability distributions from independent marginal
distributions, while capturing nonlinear, asymmetric, and tail dependencies
(Tootoonchi et al., 2022). This is particularly important for compound floods,
where the joint occurrence of extremes may be rare but has high impacts. In
this thesis, copula modelling is used to estimate joint RPs under different haz-
ard definitions, such as “AND” (simultaneous exceedance) and “OR” (either
variable exceeds a threshold), following approaches proposed by Salvadori et
al. (2016) and Moftakhari ef al. (2019). To support the analysis, the Multihaz-
ard Scenario Analysis Toolbox (MhAST) (Sadegh et al., 2018) is employed
to test a range of candidate copulas and evaluate the sensitivity of the results
to model structure and input datasets. This enables both joint probability esti-
mation and uncertainty assessment, including the identification of most likely
compound scenarios. An example of the resulting joint RP curves, comparing
dependent and independent assumptions, is shown in Figure 4.1, illustrating
the increased probability of joint extremes when dependence is accounted for.
While detailed results and approaches are presented in Paper II, this method-
ology supports the broader thesis aim of quantifying compound flood hazards
in Halmstad and their associated uncertainties.
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Figure 4.1. Joint return period curves for river discharge and sea level in Halmstad,
based on the BB1 copula (solid yellow) and independence assumption (dashed black).
The figure illustrates how accounting for dependence increases the estimated likeli-
hood of joint extremes. Blue dots represent observed events. Return period isolines
(2-, 5-, 15-, and 30-year events) correspond to the AND scenario, where both drivers
exceed their respective thresholds simultaneously (from Paper II).

4.2.2 Random Forest models for sea level and wave prediction

RF models are used extensively in this thesis to reconstruct and project ESL
and wave conditions across the Baltic Sea region. RF is a non-parametric en-
semble learning method that aggregates the predictions of multiple decision
trees to produce a final output (Breiman, 2001). Each decision tree is built
using a random subset of the training data and predictor variables, which helps
to reduce variance and mitigate overfitting. At each node in a tree, a split is
determined based on a threshold value of a predictor variable that best sepa-
rates the data. This process continues until a stopping criterion is met (e.g., a
minimum leaf size), resulting in a hierarchical branching structure. The final
RF prediction is typically obtained by averaging the outputs from all individ-
ual trees. This modelling approach has been widely adopted in environmental
sciences due to its flexibility and strong predictive performance. In coastal
applications, RF has proven effective for both short- and long-term forecast-
ing. For instance, Tadesse et al. (2020) demonstrated the utility of RF for
global storm surge prediction based on reanalysis data. Bellinghausen et al.
(2025) used RF to forecast ESLs along the Baltic coast up to three days in
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advance. In wave modelling, RF has outperformed traditional physical models
in predicting wave energy flux at multiple buoy locations in the Bay of Biscay
(Ibarra-Berastegi et al., 2015). Further applications include short-term fore-
casting of Hs (Ali ef al., 2023) and hurricane-induced waves in the Gulf of
Mexico (Mafi and Amirinia, 2017). These studies highlight RF's ability to
capture nonlinear relationships between atmospheric drivers and oceanic re-
sponses, making it a computationally efficient tool for exploring both histori-
cal reconstructions and future coastal hazard scenarios.

In this thesis, RF models are applied to three main tasks: (1) reconstructing
historical sea level time series at locations with sparse observations (Paper I),
(2) hindcasting and projecting daily maximum storm tides (Paper III), and
(3) simulating Hs at 3-hourly resolution from 1850 to 2100 at individual buoy
locations (Paper IV). In Paper I, RF was employed to reconstruct daily max-
imum sea levels at a specific tide gauge by training models on overlapping
data from neighbouring stations. The resulting time series, generated for the
city of Halmstad, was later used in Paper II as a new input to assess com-
pound coastal hazards. Model performance was evaluated using standard sta-
tistical metrics, including root mean square error, bias, and correlation coeffi-
cient, and benchmarked against linear regression baselines. In Papers III and
IV, site-specific RF models were developed to predict either storm tides or
wave heights. Predictor variables were derived from ERAS reanalysis and in-
cluded wind speed, wind direction, surface pressure, and month of the year.
For wave modelling, additional time-lagged predictors were used to account
for delayed atmospheric effects. Once trained, the RF models were applied to
atmospheric variables from four CMIP6 climate models to simulate long-term
time series from 1850 to 2100. Emission scenarios included SSP2-4.5 for both
Papers III and IV, and additional SSP1-2.6 and SSP3-7.0 pathways in Paper
IV. Figure 4.2 illustrates the modelling workflow, including data preparation,
model training and validation, and application to historical and future climate
scenarios.

This modelling framework enables local-scale predictions of sea level and
wave climate under changing atmospheric conditions. Its ability to combine
reanalysis and climate model data makes RF a valuable tool for assessing fu-
ture coastal hazards.
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Figure 4.2. Schematic workflow of the Random Forest (RF) model applied for the
prediction of a variable denoted y at individual sites. RF models are trained using co-
occurring ERAS atmospheric variables and y observations. The dataset is split into 70%
for training (yellow) and 30% for testing (orange), with evaluation plots investigating
model skill (a). The trained RF model is then applied to the full ERAS record to recon-
struct the y time series from 1940 to 2024 (b). Finally, the same trained model is used
with atmospheric variables from CMIP6 climate models to simulate y from 1850 to 2100
(c) (adapted from Paper 1V).

4.2.3 Uncertainty quantification using Random Forest

To quantify uncertainty in RL estimates derived from RF-based predictions, a
probabilistic ensemble approach, referred to as the “RF method with random
sampling”, was introduced in Paper I and subsequently applied in Paper III.
This method builds on the RF model’s capacity to estimate not only the mean
of daily maxima (e.g., sea level or wave height) but also the associated pre-
diction uncertainty, expressed as a standard deviation.

For each year, the predicted annual maximum is assumed to follow a
Gaussian distribution defined by the RF-estimated mean and standard devia-
tion. Based on this assumption, 10,000 synthetic time series of annual maxima
are generated via random sampling. A GEV distribution is then fitted to each
ensemble member, resulting in a distribution of RLs from which confidence
intervals can be derived (Coles, 2001).

This ensemble-based method enables a more robust estimation of RL un-
certainty, particularly in cases where observational records are sparse or where
RF-based reconstructions replace direct measurements. Comparisons with tra-
ditional approaches, in which a GEV is fitted directly to the RF mean predic-
tions, show that the ensemble method produces more realistic RL estimates
and reasonable uncertainty bounds, especially for higher RPs (Fig. 4.3).
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Figure 4.3. 2- to 200-year storm tide return levels (RLs) at the “Pori Méntyluoto
Kallo” station, based on RF model predictions using ERAS data from 1971-2018.
RLs from observations (after GEV fitting) are shown in black, RLs based on RF mean
predictions in blue, and RLs from the RF method with random sampling in red.
Dashed lines indicate 95% confidence intervals. The results show improved agree-
ment and reduced bias using the ensemble approach (adapted from Paper III).
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5 Results & Discussion

This section synthesises key findings from Papers I to IV and discusses their
implications for coastal hazard assessment in the Baltic Sea region, including
storm tides, wind-generated waves, and compound coastal flooding. Each sub-
section corresponds to a specific paper or research question addressed in the
thesis, with a focus on methodological innovations, spatial patterns, and future
climate projections.

5.1 Sea level reconstruction using Random
Forest models

In Paper I, a common challenge in coastal hazard assessment is addressed:
the limited length of observational sea level records at many tide gauge sta-
tions. This poses significant limitations for estimating RLs of ESLs, which
require long time series to reduce statistical uncertainty (Coles, 2001). To
overcome this, two approaches, linear regression (LR) and RF, were devel-
oped and evaluated to reconstruct daily maximum sea level time series at a
target station using overlapping records from neighbouring gauges.

The study focused on the Kattegat Basin, using tide gauges from Hornbaek,
Viken, Ringhals, and Halmstad to investigate both spatial and temporal sensi-
tivity. RF models were trained using setup periods of 10, 20, and 30 years and
validated using out-of-sample data. Across all configurations, RF consistently
outperformed LR, particularly for reproducing extreme values (e.g., the 95%,
97" and 99™ percentiles and annual maxima). This improvement is attributed
to RF’s ability to capture non-linear relationships between stations, which is
especially relevant in coastal systems subject to complex meteorological and
oceanographic dynamics.

To further reduce the uncertainty in RL estimation from short time series,
a method called the “RF method with random sampling” was introduced in
Paper I (see section 4.2.3). When applied to the Halmstad tide gauge, this
method produced RLs that were consistent with those from a more physically
based method developed by Andersson (2021), while also providing a more
robust estimate of uncertainty (Fig. 5.1).

This reconstruction technique enhances the reliability of RL estimates in
data-scarce regions and enables subsequent applications, such as compound
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coastal flood analysis (Paper II), using extended and quality-controlled time
series.
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Figure 5.1. Return levels (RLs) for Halmstad based on RF model outputs. RLs calcu-
lated by fitting a GEV distribution to the RF-predicted mean time series (a). Ensem-
ble-based RLs generated using the RF method with random sampling (b). Shaded ar-
eas indicate 95% confidence intervals of ensemble spreads. Black error bars represent
RLs obtained from Andersson (2021)’s method (from Paper I).

5.2 Uncertainties in compound coastal flood
hazard estimates

In Paper II, compound flood hazards in Halmstad are explored, where both
oceanographic (e.g. storm tide) and hydrological (e.g. river discharge) pro-
cesses contribute to coastal flood risk. The analysis focuses on quantifying
joint extremes and their associated uncertainties using a copula-based statisti-
cal framework. Specifically, four sea level time series and three river dis-
charge datasets from the river Nissan were combined to generate 24 unique
input combinations, based on annual maxima of each variable. These were
analysed under the “OR” scenario (Salvadori et al., 2016), which considers
flooding triggered by either or both drivers.

Initial correlation analysis revealed a statistically significant dependence
between annual maximum river discharge and corresponding sea level values,
justifying the use of a bivariate modelling approach. The copula analysis was
conducted using MhAST (Sadegh et al., 2018), which allows the fitting of 25
different copula families and incorporates likelihood-based selection criteria
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(see section 4.2.1). The results showed that joint RLs were sensitive to both
the selection of input data and the copula model structure.

To quantify this sensitivity, the study introduced the Normalised Difference
Value metric, which measures the variation in joint RLs across input config-
urations, normalised by the corresponding univariate RL. Results demon-
strated that the choice of river discharge dataset was the most influential
source of variability, exerting a greater effect on joint RL estimates than either
the sea level dataset or the copula model. Nevertheless, the choice of copula
also had a substantial influence (Fig. 5.2).

These findings emphasise the importance of using multiple data sources
and testing a range of copula structures in compound flood assessments. While
such an inclusive approach introduces interpretive complexity, it also reflects
the methodological uncertainty inherent in multivariate flood risk estimation.
The results underscore that relying on a single dataset or model structure can
lead to misrepresentation of flood risk.

Overall, this study demonstrates that uncertainties in compound flood haz-
ard quantification stem not only from methodological choices (e.g. copula
type) but also from data limitations and model assumptions. It highlights the
critical importance of input data selection, validation, and ensemble modelling
in producing robust, decision-relevant flood risk assessments.
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Figure 5.2. Normalised Difference Value (NDV) for various combinations of sea level
and river discharge datasets and copula models. Higher NDV values indicate greater
sensitivity of joint RL estimates to input choices (from Paper II).
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5.3 Storm tide variability and long-term trends

In Paper 111, the RF modelling framework is extended to explore historical and
future changes in storm tide RLs across the Baltic Sea. RF models were devel-
oped for 59 tide gauge stations and trained using ERAS5 reanalysis data (see
section 4.2.2). These were subsequently applied to four CMIP6 climate models
(see section 4.1.3) under the SSP2-4.5 scenario to simulate daily maximum sea
levels spanning 1850 to 2100, with each station modelled independently.

Model performance was validated using standard statistical metrics, and
bias correction was applied to the climate model predictors using a quantile
mapping approach (ThemeBl, Gobiet and Leuprecht, 2010; Li et al., 2019).
RLs were estimated using both the conventional GEV method and the RF
method with random sampling (see section 4.2.3), the latter generally offering
improved accuracy, particularly at higher RPs.

Results revealed spatially heterogeneous trends in 50-year storm tide RLs
between the pre-industrial (1850-1879) and end-of-century (2070-2099) peri-
ods. While ensemble mean projections showed no major changes across most
of the region, some locations, particularly along the west coast of Sweden and
in the Bothnian Sea, exhibited increases of up to +10 cm. In contrast, slight
decreases down to —6 cm were projected for stations along the southern Swe-
dish coast, the Gulf of Riga, and the outer Gulf of Finland. Larger local
changes were also found, depending on the climate model used. Despite these
relatively moderate changes, substantial inter-model variability in climate
model outputs contributed to wide uncertainty ranges. Stations in close prox-
imity showed similar trends, suggesting a regionalisation effect driven by syn-
optic-scale atmospheric circulation patterns.

The study also found that projected changes in storm tides can alter estimates
of future ESLs by up to 12% across selected sites (based on 50-year RLs), un-
derscoring the importance of considering storm tide contributions alongside lo-
cal mean sea level rise (Fig. 5.3). These results reinforce the need for high-res-
olution, site-specific projections when assessing future coastal flood risks.

This study demonstrates the feasibility of using data-driven models for
long-term storm tide projection and highlights their value as a complement to
traditional dynamical modelling approaches.
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Figure 5.3. Projected changes in 100-year storm tide return levels between 1850-1879
and 2070-2099 under SSP2-4.5. Individual climate models and the ensemble mean
changes are shown across four CMIP6 models for three stations: Kalix-Stordn, Stock-
holm, and Goteborg-Torshamnen. Blue bars represent mean sea level rise (mslr), or-
ange bars represent storm tide changes, and error bars denote uncertainty in each com-
ponent (from Paper III).

5.4 Evolution of wave climate in the Baltic Sea

In Paper 1V, historical and future changes in Hs climate across the Baltic Sea
are explored, using RF models trained on buoy observations and ERAS at-
mospheric reanalysis. These models were applied to reconstruct and project
3-hourly Hs time series at 17 sites (see section 4.1.1) from 1850 to 2100 under
the SSP2-4.5 scenario (see section 4.1.3). This modelling approach enables
high-resolution, site-specific assessment of wave extremes and their links to
atmospheric circulation (see section 4.2.2). Among the four CMIP6 climate
models tested, EC-Earth demonstrated the highest agreement with observed
wave conditions and was therefore selected for the core projection analysis,
including simulations under SSP1-2.6 and SSP3-7.0. The remaining climate
models were used to assess inter-model variability and ensemble spread.

The study focused on trends in the 95™ percentile of Hs, a widely used in-
dicator of wave extremes. Results suggest a modest but widespread decline in
extreme wave heights across the Baltic Sea by the end of the 21 century, with
projected reductions of approximately 10 to 15 cm at most locations. How-
ever, sub-regional differences were observed: stations in the northern Baltic
showed little to no change, while more pronounced decreases were found
along the Baltic proper and the west coast of Sweden. These patterns were
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consistent with long-term internal atmospheric variability rather than a clear
scenario-dependent signal.

Temporal analysis using 30-year moving blocks indicated that the decline
in extreme Hs began in the early 20" century and generally stabilised by mid-
century, regardless of the emission scenario. Differences between SSP1-2.6,
SSP2-4.5, and SSP3-7.0 were relatively small and inconsistent, suggesting
that internal climate variability is the dominant factor modulating future wave
climate in the Baltic Sea (Fig. 5.4), based on the EC-Earth climate model.

To better understand the underlying mechanisms, synoptic-scale atmos-
pheric patterns were analysed. Cyclonic, south-westerly, and westerly Lamb
Weather Types (LWTs) (Jenkinson and Collison, 1977) were most frequently
associated with extreme wave events. Correlation analysis revealed that
changes in the 95" percentile of Hs were strongly linked to changes in wind
speed, a slight decline in south-westerly LWT, and an increase in undefined
synoptic conditions. These findings highlight the role of large-scale atmos-
pheric circulation in shaping future wave extremes.

An inter-model comparison revealed substantial variability in the projected
magnitude and trends of Hs changes, particularly in the upper percentiles, con-
sistent with findings from Paper III. For instance, while EC-Earth projected
a decline in extreme Hs (Paper 1V) and also simulated a reduction in ESL
(Paper I1I), GFDL-ESM4 simulated increases at some locations. This spread
underscores the value of multi-model ensembles in capturing uncertainty, es-
pecially when informing impact assessments and coastal adaptation strategies.

Overall, the feasibility and utility of data-driven machine learning ap-
proaches for projecting long-term wave climate is demonstrated in Paper IV.
Despite the absence of a strong scenario-driven trend, the persistence of high
extremes at certain sites, when combined with sea level rise, reinforces the
importance of localised assessments of coastal hazard. While internal climate
variability appears to be a dominant driver of the projected changes, the extent
to which anthropogenic forcing contributes remains uncertain; larger ensem-
bles and higher-resolution simulations are needed to better constrain attribu-
tion and improve confidence in long-term projections.
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Figure 5.4. Normalised changes in 95‘h percentile Hs (norm(AHs)) over time relative
to the reference period (1980-2009), based on EC-Earth projections under three SSP
scenarios (SSP1-2.6, SSP2-4.5, SSP3-7.0). Results are shown for eight representative
stations across the Baltic Sea, using 30-year block averages from 1860 to 2099 (from
Paper IV).
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6 Summary & Outlook

This thesis set out to advance our understanding of coastal oceanographic haz-
ards, particularly storm tides and wave extremes, under both historical and
future climate conditions in the Baltic Sea. Motivated by the growing need for
site-specific, actionable coastal hazard assessments in a changing climate, the
research addressed three interrelated challenges: improving hazard estimates
in data-scarce regions, evaluating uncertainties in compound flooding, and as-
sessing future changes in storm tides and wave climates under different emis-
sion pathways.

A central contribution of this thesis is the development and application of
RF models for reconstructing and projecting high-resolution sea level and
wave time series. The analysis presented in Paper I shows that RF models,
when trained on overlapping data from nearby tide gauges, can successfully
reconstruct long-term sea level records at locations with limited observational
records. These reconstructions significantly improve the estimation of RLs.
The introduction of the “RF method with random sampling” provided a prac-
tical framework for probabilistic RL estimation, particularly valuable in data-
scarce environments.

Building on this foundation, the investigation in Paper II focuses on com-
pound flood hazards at the river-sea interface in Halmstad by combining sea
level and river discharge datasets within a copula-based statistical framework.
The analysis revealed a significant dependency between annual maximum
river discharge and associated sea level. Moreover, the joint probability of
compound extremes was found to be highly sensitive to the choice of input
datasets and statistical copulas. This highlights that methodological decisions,
particularly the selection of river discharge data, substantially affect joint RL
estimates. These findings underscore the importance of methodological trans-
parency and highlight the value of ensemble approaches in compound flood
modelling.

RF-based modelling approaches were further applied in Papers I1I and IV
to simulate future changes in storm tides and wave climate, respectively,
across the Baltic Sea. In Paper III, RF models were developed for 59 tide
gauge stations and driven by CMIP6 climate model outputs under the SSP2-
4.5 scenario to project daily maximum sea levels from 1850 to 2100. The re-
sults indicated that while some areas, particularly the west coast of Sweden
and parts of the Bothnian Sea, may experience moderate increases in storm
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tide RLs by the end of the century, substantial inter-model variability persists.
These findings reinforce the need for localised, multi-model projections to
support effective coastal adaptation planning.

Changes in Hs at 17 buoy locations are investigated in Paper IV, using RF
models trained on observed wave and atmospheric data. Projections revealed
a modest but spatially variable decline in the 95™ percentile of Hs, from the
early 20™ century to the mid-21%' century. These trends were not strongly de-
pendent on the emission scenario, suggesting that internal atmospheric variabil-
ity is the dominant driver of long-term changes in wave extremes. The use of
LWT analysis further revealed that changes in the frequency of calm or south-
westerly conditions are closely linked to shifts in wave extremes. An inter-
model comparison also demonstrated the added value of ensemble analysis in
capturing uncertainty and supporting robust guidance for decision-makers.

Taken together, the work presented in this thesis demonstrates the potential
of combining statistical techniques with climate model projections to enhance
coastal hazard assessment in a changing climate. By integrating machine
learning approaches, particularly RF models, with observational and climate
data, this research contributes to more accurate reconstructions of historical
extremes and more credible projections of future coastal hazards. The RF-
based methods developed are computationally efficient, adaptable across var-
ious regional contexts, and particularly suitable in regions with sparse obser-
vational data, where more traditional process-based methods may be limited.
In addition to their research applications, these methods hold promise for op-
erational use, such as in forecasting systems or early warning platforms,
providing practical tools for decision-makers, emergency planners, and
coastal engineers. The findings highlight that uncertainty, whether arising
from data limitations, modelling choices, or future scenario selection, is an
intrinsic feature of coastal risk analysis. Rather than attempting to eliminate
uncertainties, the studies stress the importance of quantifying, understanding,
and effectively communicating them. This approach allows stakeholders to
make informed decisions under uncertainty, ultimately supporting more ro-
bust and transparent climate adaptation planning.

Looking forward, this thesis lays the groundwork for several promising av-
enues for future research. The RF-based modelling framework could be ex-
panded to include additional drivers such as precipitation, wave runup, or
groundwater, enabling more comprehensive assessments of compound events.
Integrating physical hazard projections with exposure and vulnerability da-
tasets would allow for more holistic impact assessments, essential for in-
formed climate adaptation planning. The models could also be adapted for
operational use in forecasting or early warning systems, particularly in settings
with limited modelling capacity. Finally, while this work focused on the Baltic
Sea, the methods are transferable to other coastal systems globally, but their
performance may vary depending on local oceanographic or meteorological
conditions.
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In summary, this thesis provides new tools and insights to the field of
coastal climate risk assessment. It illustrates the value of combining machine
learning with process-based understanding to improve projections of ESL and
wave conditions, ultimately supporting more resilient coastal planning under
a changing climate.
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7 Popularvetenskaplig sammanfattning

Om kustniira risker i Ostersjon.

Kustomréaden dr sdrskilt utsatta for extrema vaderhédndelser, t ex. 6versvim-
ningar, stormar och hoga vagor, ibland sker dessa i kombination nir hav och
vattendrag samverkar. I takt med klimatfordndringarna kan riskerna for detta
oOka, till exempel pa grund av stigande havsnivder och potentiellt kraftigare
stormar. Sddana hiandelser kan orsaka stora skador pa infrastruktur, bostader
och dventyra sikerheten for ménniskor som bor och vistas i kustomraden. For
att kunna forebygga dessa risker kriavs en béttre forstdelse for hur dessa ex-
trema fenomen fungerar och hur de kan komma att féréndras i framtiden. Den
hir avhandlingen fokuserar pa kustnira risker i Ostersjoregionen. Arbetet
kombinerar statistiska metoder och maskininlérning, sérskilt sa kallade
Random Forest-modeller, som tridnas pa historiska data for att kunna gora
framtida prognoser.

I ett forsta steg utvecklades en metod for att aterskapa historiska havsnivaer
pa platser dir métdata &r bristfélliga eller ofullstindiga. Dessa rekonstrukt-
ioner gor det mojligt att uppskatta sannolikheten for extrema hindelser (som
mycket hoga stormfloder), vilket forbattrar riskbeddmningen. I avhandlingen
studeras ockséa vad som hénder nir hdga havsnivaer sammanfaller med hoga
floden i vattendrag, sa kallade sammansatta 6versvamningar. I en fallstudie
for Halmstad visade resultaten att bade dataval och statistiska metoder starkt
paverkar resultaten. Det understryker vikten av transparens och forsiktighet
vid riskanalys. Den tredje delen analyserar framtida fordndringar i extrema
stormfloder baserat pa klimatmodeller och anpassade statistiska modeller. Re-
sultaten visar att vissa delar av Ostersjon kan f4 mattliga 6kningar av extrema
oversvimningar fram till slutet av seklet, men med stor variation mellan mo-
dellerna. Fordandringarna ligger ofta inom spannet for naturlig variation. Slut-
ligen undersoks hur extrema vagor kan forandras i framtiden. Har visar resul-
taten en latt minskning av de hogsta vaghdjderna i vissa omraden, utan tydligt
samband med de anvinda klimatscenarierna (sérskilt for EC-Earth). Det tyder
pa att naturlig variation i atmosféren spelar en storre roll dn klimatforénd-
ringen i dessa fall.

Sammanfattningsvis presenteras i avhandlingen nya metoder for att béttre
forstd och forutsdga kustnéra risker, 4ven didr dataunderlaget dr begrénsat.

44



Dessa verktyg kan tillimpas pé andra kustomraden globalt och bidra till battre
klimatanpassning och skydd av utsatta samhéllen i framtiden.
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8 Reésumé en francais

Sur les risques cotiers dans la mer Baltique.

Les régions cotiéres sont exposées a de nombreux aléas naturels : inondations
marines, parfois causées par I’interaction entre la mer et les rivieres, tempétes,
fortes vagues, etc. Avec le changement climatique, ces risques évoluent et
peuvent devenir plus importants, notamment en raison de 1’¢lévation du ni-
veau de la mer ou de tempétes potentiellement plus intenses. Ces phénomeénes
peuvent entrainer de graves dégats aux infrastructures et aux habitations, tout
en représentant une menace pour les populations vivant sur le littoral. Mieux
comprendre ces risques et anticiper leur évolution est donc essentiel pour
mieux s’y préparer. Cette thése s’intéresse aux risques cotiers dans la mer Bal-
tique, une région particuliérement vulnérable. Pour cela, elle combine des
techniques statistiques et des modeles d’intelligence artificielle appelés Ran-
dom Forest, capables d’apprendre a partir de données passées et de produire
des prédictions.

Dans un premier temps, une méthode a été développée pour reconstituer
les niveaux marins dans les zones ou les observations sont rares ou incom-
plétes. Grace a ces reconstructions, il devient possible d’estimer la probabilité
d’événements extrémes (comme les trés hautes marées de tempéte), ce qui
permet une meilleure évaluation des risques. Ensuite, la thése explore ce qu’il
se passe lorsque de fortes marées de tempéte coincident avec des crues flu-
viales, un phénomeéne appelé inondation composée. En analysant les données
de la ville de Halmstad, 1’étude montre que le choix des jeux de données et
des mode¢les statistiques utilisés influence fortement les résultats. Cela sou-
ligne I’importance de la prudence et de la transparence méthodologique dans
I’évaluation des risques. La troisiéme partie de la thése s’intéresse a 1’évolu-
tion future des marées de tempétes extrémes, en s’ appuyant sur des projections
issues de modéeles climatiques et sur des mode¢les statistiques développés pour
chaque station. Les résultats indiquent que certaines régions pourraient con-
naitre des augmentations modérées du niveau des marées de tempétes ex-
trémes d’ici la fin du siécle. Toutefois, les incertitudes entre modéles restent
¢levées, et les changements observés s’inscrivent généralement dans la plage
de la variabilité naturelle. Enfin, la derniére étude examine les vagues ex-
trémes et leur évolution potentielle. Les résultats suggerent une légere dimi-
nution des hauteurs maximales de vagues dans certaines zones de la mer
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Baltique, sans lien clair avec les différents scénarios climatiques étudiés (basé
sur le modele EC-Earth). Cela indique que d’autres facteurs, comme la varia-
bilité naturelle de I’atmosphére, jouent probablement un réle plus déterminant.

En résumé, cette thése propose de nouvelles méthodes pour mieux com-
prendre et anticiper les risques cotiers, méme dans des contextes ou les don-
nées sont limitées. Ces outils sont transférables a d’autres régions du monde
et pourraient contribuer a mieux protéger les populations cotieres face aux
défis du climat de demain.

47



9 Acknowledgements

From the French and Icelandic mountains to the Swedish forests, I have had
the pleasure of meeting and sharing time with a mountain of people during
this PhD journey, for which I am deeply thankful.

It is impossible to name everyone I crossed paths with, but I would neverthe-
less like to start by thanking my supervisors, Anna and Erik, for all the sup-
port and trust they have shown, helping me grow in the academic world as a
PhD student. I would also like to thank my co-authors, Magnus, Martin,
Morten, and Pasha, for their valuable support and comments throughout this
work.

Key people made this journey possible. Angel, you have been a true example
and a great inspiration in the academic world. Thank you! I will always re-
member your laugh, our countless wet cycling rides, volcano trips (PS: thanks
to all the members of the Best Volcano Team Ever), beers, and more. Gunna
Sigga, thank you for all your support in Iceland. You were my mountain on
the island in the North. I would not be where I am today without you, your
amazing food, swimming trips, smile, and great heart will always hold a spe-
cial place in mine. Thank you also to Peter, Halldor, and Harpa for welcom-
ing me to Iceland, introducing me to research, and giving me the chance to
live such an invaluable experience.

This journey would not have been the same without all the friends I met in
Uppsala, who made this place lighter and hillier than it really is. Lucia, you
were there from the very start, even before I set foot in Sweden, pulling me
into your office and kick-starting a long friendship filled with handstands,
runs, laughs, dinners, and travels. Your happiness and commitment to crazy
ideas, and being part of (almost) every “Best ... Team Ever”, have been a
delight; together with Hector, thank you! You are a truly special person who
made life as a young PhD student really meaningful: a mountain in the flat
Uppland. I also want to give a huge thank you to my mentor, Christoffer, for
all our discussions (with or without coffee). I will always remember our rides
and hikes, and the joy of discovering your land here in Sweden. The trips to
Ostergarnsholm with you and Lucia were always great fun! You have been
like a cloud for a (true) meteorologist to me, thank you! Elena, co-founder of

48



the Best Cycling Team Ever, your sense of humour and passion for food and
wine made this heteroclite team unforgettable, thank you! You are like the
cheese to the wine for me. Chiara, thanks for the shared times, you are like
the black lake ice for ice-skater lovers! Alizée, thank you for the great com-
pany and swims; you were what the water is to the swimmer. Malin, thank
you for the talks and company; you have been like the ink to the writer. Marie,
thank you for your smile and for making the office such an enjoyable place.
Andra, thank you for your kindness and generosity. You were like a piece of
cake left on the desk for a starving student. Faranak, thank you for your vi-
brant energy; Geo misses you!

A few of us started around the same time and made this our PhD journey, a
forest of friendships. Rich, or rather, Doctor Rich, you were the music in my
ears, the oak in the forest. From 100 km rides to post-cycling cycling, hikes,
beers, and your great sense of humour, I am grateful for every moment, from
our two-hour coffee breaks to the Hoga Kusten trail. You are the top of the
mountain in Uppsala for me; thank you! Ferran, perhaps the one I spent the
most cumulative time with, thank you for your generous character, goodness,
Spanish roots, love for beers, and amazing social spirit. You were like the
perfect wave for the surfer, the Cloudbreak of Fiji, the Supertubes of Jeffreys
Bay, or the Pipeline of Hawaii! Ana, thank you for your energy and generous
heart, from skiing trips to hikes in Innsbruck and the Pyrenees, lunches and
dinners, you were like the mushrooms in the forest you happily find. Thomas,
alias the football guy and winter-only meteorologist, and Ramona, the best
officemate and lust expert, thank you for taking me to the lakes and mountains
for ice-skating, skiing, and hiking. Are will always remain a special place.
Together, you were like the Alps: a massif I could always count on. Thomas,
you were like the deep, dry cold days of October for the ice-skater, the 20 cm
of fresh powder for the skier. Ramona, you were like wool for the knitter,
nature for the outdoorsy. Doctor Emma, thank you for your great Australian
spirit, coffee breaks, and laughs; you were like the tent for the hiker. Makoto,
thank you for your enthusiasm. You are to me what karaoke is to you! Nicola,
thank you for all our little adventures; you made this journey lighter. Leo,
thanks for being the Best Statistician Ever! Michael, thanks for sharing your
passion for the stratosphere and for taking great care of Anders Celsius' leg-
acy! Meriem, thank you for your endless smile; Iana, for the saunas and
hikes; Laura and Jeanne, for sharing the French vibes in Geo; Zibi, for our
camaraderie, the skiing trips and runs. I look forward to more adventures! To
Darinka, thank you for everything!

Thanks to everyone I shared the corridors with over the years: Aditya, Agnes,
Alok, Anjali, Benjamin, Boris, Calum, Christian, Claudia, Ekaterina,
Elin, Elisa, Elise, Fritjof, Gabriella, Iman, Johanna, Koffi, Mamata, Ma-
ria, Moon, Murat, Nicholas, Omar, Riccardo, Roger, Sanja, Sara C., Sara

49



L., Shivang, Thomas G., Thomas S., Ting, Yunus; and best of luck to the
new PhD students and post-docs starting out! Théo, thank you for sharing
your passions for ice-skating, cross-country skiing, and science. Having you
at Geo was an absolute delight! Thanks to everyone who made the fieldwork
trips to Ostergarnsholm such a joy: Anna, Bjérn, Christoffer, Erik, Gunnar,
Hans, John, Lucia, Monica, Rickard, and Sofia. You made those long jour-
neys fly by with laughter and learning. Thanks, John, the yellow jersey of the
station, for the successful trips, great company, good laughs, and shared runs.
I really appreciated learning from you in the field! Thanks also to Thomas
and Ward for the opportunity to experience glacier fieldwork; exploring a
Swedish glacier in Lappland was an incredible way to celebrate the end of my
kappa. Thank you to everyone in the Meteorology group: Antonio, Cecilia,
Erik J., Erik N., Erik S., Erik Sch., Gabriele, George, Jacopo, Lichuan,
Melinda, Minchao, Moa, Rohan, Svitlana, and Venu. It has been inspiring
to learn from you all. Thank you, Johan, for sharing your passion for cycling
and trail running, for the cold rides, and for the saunas after. Thank you to
everyone in LUV AL for the coffee breaks and corridor chats that made it such
anice social place. Special thanks also to Veijo and Giuliano for their support
and encouragement.

Thanks to my friends and family! Merci a mes parents, Héléne et Dany, pour
I’éducation que vous nous avez donnée, pour votre soutien constant et pour
toujours avoir été la. Merci a mes sceurs, Francine et Mélanie, d’avoir tou-
jours cru en moi et de m’avoir encouragé dans ce parcours. Merci aussi a mes
grands-parents, oncles, tantes, cousins et cousines, pour votre affection et vos
encouragements. Un grand merci a ma marraine Patricia pour avoir peint la
magnifique couverture de ma thése, un cadeau que je garderai toujours pré-
cieusement.

To everyone 1 crossed paths with, thank you! And finally: CHAM-
PAGNEEEE!

50



10 References

Abadie, L. M. et al. (2019) ‘Risk measures and the distribution of damage curves for
600 European coastal cities’, Environmental Research Letters, 14(6). doi:
10.1088/1748-9326/ab185c.

Addor, N. et al. (2014) ‘Robust changes and sources of uncertainty in the projected
hydrological regimes of Swiss catchments’, Water Resources Research, 50,
pp. 7541-7562. doi: 10.1002/ 2014WRO015549.

Aghakouchak, A. et al. (2020) ‘Climate Extremes and Compound Hazards in a
Warming World’, Annual Review of Earth and Planetary Sciences, 48, pp.
519-548. doi: 10.1146/annurev-earth-071719-055228.

Ali, M. et al. (2023) ‘Ensemble robust local mean decomposition integrated with
random forest for short-term significant wave height forecasting’, Renewable
Energy, 205(February 2022), pp. 731-746. doi:
10.1016/j.renene.2023.01.108.

Andrée, E. et al. (2021) ‘Simulating major storm surge events in a complex coastal
region’, Ocean Modelling, 162(April), p. 101802.
doi: 10.1016/j.ocemod.2021.101802.

Andrée, E. et al. (2023) ‘The role of preconditioning for extreme storm surges in the
western Baltic Sea’, Natural Hazards and Earth System Sciences, 23(5), pp.
1817-1834. doi: https://doi.org/10.5194/nhess-23-1817-2023.

Ardhuin, F. et al. (2017) ‘Measuring ocean waves in sea ice using SAR imagery: A
quasi-deterministic approach evaluated with Sentinel-1 and in situ data’,
Remote Sensing of Environment, 189, pp. 211-222. doi:
10.1016/j.rse.2016.11.024.

Arneborg, L. and Liljebladh, B. (2001) ‘The internal seiches in Gullmar Fjord. Part
I: Dynamics’, Journal of Physical Oceanography, 31(9), pp. 2567-2574. doi:
10.1175/1520-0485(2001)031<2567:TISIGF>2.0.CO;2.

Ayyad, M., Hajj, M. R. and Marsooli, R. (2023) ‘Climate change impact on
hurricane storm surge hazards in New York/New Jersey Coastlines using
machine-learning’, npj Climate and Atmospheric Science, 6(1), p. 88. doi:
10.1038/s41612-023-00420-4.

Bailey, K., DiVeglio, C. and Welty, A. (2014) An examination of the June 2013 East
Coast meteotsunami captured by NOAA observing systems. Available at:
https://repository.library.noaa.gov/view/noaa/14435.

Bekiryazicy, S. et al. (2025) ‘An innovative deep learning-based approach for
significant wave height forecasting’, Ocean Engineering, 323(February). doi:
10.1016/j.oceaneng.2025.120623.

Bellinghausen, K., Hiinicke, B. and Zorita, E. (2025) ‘Using random forests to
forecast daily extreme sea level occurrences at the Baltic Coast’, Natural
Hazards and Earth System Sciences, 25(3), pp. 1139-1162. doi:
10.5194/nhess-25-1139-2025.

51



Bergstrand, M., Asp, S. S. and Lindstrom, G. (2014) ‘Nationwide hydrological
statistics for Sweden with high resolution using the hydrological model S-
HYPE’, Hydrology Research, 45(3), pp. 349—356. doi: 10.2166/nh.2013.010.

Bevacqua, E. et al. (2019) ‘Higher probability of compound flooding from
precipitation and storm surge in Europe under anthropogenic climate
change’, Science Advances, 5(9), pp. 1-8. doi: 10.1126/sciadv.aaw5531.

Bevacqua, E. et al. (2020) ‘More meteorological events that drive compound coastal
flooding are projected under climate change’, Communications Earth and
Environment, 1(1). doi: 10.1038/s43247-020-00044-z.

Bjorkqvist, J. V. et al. (2018) ‘Comparing a 41-year model hindcast with decades of
wave measurements from the Baltic Sea’, Ocean Engineering, 152(January),
pp- 57-71. doi: 10.1016/j.oceaneng.2018.01.048.

Boucher, O. ef al. (2020) ‘Presentation and Evaluation of the IPSL-CM6A-LR
Climate Model’, Journal of Advances in Modeling Earth Systems, 12(7), pp.
1-52. doi: 10.1029/2019MS002010.

Breiman, L. (2001) ‘Random Forests’, Machine Learning, 45, pp. 5-32. doi:
10.1023/A:1010933404324.

Brown, S. et al. (2018) ‘Quantifying Land and People Exposed to Sea-Level Rise
with No Mitigation and 1.5°C and 2.0°C Rise in Global Temperatures to
Year 2300°, Earth’s Future, 6(3), pp. 583—600. doi: 10.1002/2017EF000738.

Bruneau, N. et al. (2020) ‘Estimation of global coastal sea level extremes using
neural networks’, Environmental Research Letters, 15(7). doi: 10.1088/1748-
9326/ab89d6.

Canuto, C. et al. (2007) Spectral Methods: Evolution to Complex Geometries and
Applications to Fluid Dynamics, Scientific Computation. Springer Berlin
Heidelberg New York This.

Christensen, O. B. ef al. (2022) ‘Atmospheric regional climate projections for the
Baltic Sea region until 2100°, Earth System Dynamics, 13(1), pp. 133-157.
doi: 10.5194/esd-13-133-2022.

Church, J. A. et al. (2013) ‘Sea Level Change’, Climate Change 2013: The Physical
Science Basis. Contribution of Working Group I to the Fifth Assessment
Report of the Intergovernmental Panel on Climate Change, 103, pp. 697—
725. doi: 10.1016/B978-0-12-391851-2.00027-1.

Clarke, B. et al. (2022) ‘Extreme weather impacts of climate change: an attribution
perspective’, Environmental Research: Climate, 1(1), p. 012001. doi:
10.1088/2752-5295/ac6e7d.

Coles, S. (2001) An Introduction to Statistical Modeling of Extreme Values,
Technometrics. Springer-Verlag London Berlin Heidelberg. doi:
10.1007/978-1-4471-3675-0.

Couasnon, A. et al. (2020) ‘Measuring compound flood potential from river
discharge and storm surge extremes at the global scale’, Natural Hazards and
Earth System Sciences, 20(2), pp. 489—504. doi: 10.5194/nhess-20-489-2020.

Couasnon, A., Sebastian, A. and Morales-Népoles, O. (2018) ‘A Copula-based
bayesian network for modeling compound flood hazard from riverine and
coastal interactions at the catchment scale: An application to the houston ship
channel, Texas’, Water (Switzerland), 10(9). doi: 10.3390/w10091190.

Dacre, H. F. et al. (2012) ‘An extratropical cyclone atlas a tool for illustrating
cyclone structure and evolution characteristics’, Bulletin of the American
Meteorological Society, 93(10), pp. 1497-1502. doi: 10.1175/BAMS-D-11-
00164.1.

52



Dangendorf, S. ef al. (2019) ‘Persistent acceleration in global sea-level rise since the
1960s’, Nature Climate Change, 9(9), pp. 705-710. doi: 10.1038/s41558-
019-0531-8.

Davison, A. C. (2003) Statistical models. Cambridge University Press. doi:
10.1017/CB0O9780511815850.

Dean, B. et al. (2005) Wave Setup: FEMA Coastal Flood Hazard Analysis and
Mapping Guidelines, Focused study reports.

Denning, A. S. (2017) ‘Combustion to Concentration to Warming: What Do Climate
Targets Mean for Emissions? Climate Change and the Global Carbon Cycle’,
in Encyclopedia of the Anthropocene. Elsevier, pp. 443—452. doi:
10.1016/B978-0-12-809665-9.09743-3.

Dodet, G. et al. (2019) The Contribution of Wind-Generated Waves to Coastal Sea-
Level Changes, Surveys in Geophysics. Springer Netherlands. doi:
10.1007/s10712-019-09557-5.

Donnelly, C., Andersson, J. C. M. and Arheimer, B. (2016) ‘Using flow signatures
and catchment similarities to evaluate the E-HYPE multi-basin model across
Europe’, Hydrological Sciences Journal, 61(2), pp. 255-273. doi:
10.1080/02626667.2015.1027710.

Déscher, R. et al. (2022) ‘The EC-Earth3 Earth system model for the Coupled
Model Intercomparison Project 6°, Geoscientific Model Development, 15(7),
pp- 2973-3020. doi: 10.5194/gmd-15-2973-2022.

Dunne, J. P. ef al. (2020) ‘The GFDL Earth System Model Version 4.1 (GFDL-ESM
4.1): Overall Coupled Model Description and Simulation Characteristics’,
Journal of Advances in Modeling Earth Systems, 12(11), pp. 1-56. doi:
10.1029/2019MS002015.

Eilander, D. et al. (2020) ‘The effect of surge on riverine flood hazard and impact in
deltas globally’, Environmental Research Letters, 15(10). doi: 10.1088/1748-
9326/ab8cab.

Eilander, D. et al. (2023) ‘A globally applicable framework for compound flood
hazard modeling’, Natural Hazards and Earth System Sciences, 23(2), pp.
823-846. doi: 10.5194/nhess-23-823-2023.

Eyring, V. et al. (2016) ‘Overview of the Coupled Model Intercomparison Project
Phase 6 (CMIP6) experimental design and organization’, Geoscientific Model
Development, 9(5), pp. 1937-1958. doi: 10.5194/gmd-9-1937-2016.

Feng, D. et al. (2022) ‘Investigating coastal backwater effects and flooding in the
coastal zone using a global river transport model on an unstructured mesh’,
Hydrology and Earth System Sciences, 26(21), pp. 5473-5491. doi:
10.5194/hess-26-5473-2022.

Fox-Kemper, B. ef al. (2021) ‘Ocean, Cryosphere and Sea Level Change. In Climate
Change 2021: The Physical Science Basis. Contribution of Working Group I
to the Sixth Assessment Report of the Intergovernmental Panel on Climate
Change’, in [Masson-Delmotte, V. et al. (eds) Climate Change 2021 — The
Physical Science Basis. Cambridge University Press, Cambridge, United
Kingdom and New York, NY, USA, pp. 1211-1362. doi:
10.1017/9781009157896.011.

Gebrechorkos, S. ef al. (2023) ‘A high-resolution daily global dataset of statistically
downscaled CMIP6 models for climate impact analyses’, Scientific Data,
10(1), pp. 1-15. doi: 10.1038/s41597-023-02528-x.

Ghil, M. and Malanotte-Rizzoli, P. (1991) Data assimilation in meteorology and
oceanography, Advances in Geophysics.

Goosse, H. ef al. (2010) ‘Modelling the climate system’, in Introduction to Climate
Dynamics and Climate Modelling. Cambridge University Press, pp. 59—86.

53



Gori, A., Lin, N. and Xi, D. (2020) ‘Tropical Cyclone Compound Flood Hazard
Assessment: From Investigating Drivers to Quantifying Extreme Water
Levels’, Earth’s Future, 8(12). doi: 10.1029/2020EF001660.

Groger, M. et al. (2021) ‘Coupled regional Earth system modeling in the Baltic Sea
region’, Earth System Dynamics, 12(3), pp. 939-973. doi: 10.5194/esd-12-
939-2021.

Groll, N. et al. (2017) ‘Baltic sea wave conditions under climate change scenarios’,
Boreal Environment Research, 22, pp. 1-12.

Groll, N., Gaslikova, L. and Weisse, R. (2025) ‘Recent Baltic Sea Storm Surge Events
From A Climate Perspective’, Natural Hazards and Earth System Sciences, 25,
pp- 2137-2154. doi: https://doi.org/10.5194/nhess-25-2137-2025.

Haigh, I. D. et al. (2022) ‘GESLA Version 3: A major update to the global higher-
frequency sea-level dataset’, Geoscience Data Journal, 10(3), pp. 293-314.
doi: 10.1002/gdj3.174.

Hakala, K., Addor, N. and Seibert, J. (2018) ‘Hydrological modeling to evaluate
climate model simulations and their bias correction’, Journal of
Hydrometeorology, 19(8), pp. 1321-1337. doi: 10.1175/JHM-D-17-0189.1.

Hall, A. and van Boeckel, M. (2020) ‘Origin of the Baltic Sea basin by Pleistocene
glacial erosion’, Gff, 142(3), pp. 237-252. doi:
10.1080/11035897.2020.1781246.

Halsnzes, K., Kaspersen, P. S. and Drews, M. (2015) ‘Key drivers and economic
consequences of high-end climate scenarios: Uncertainties and risks’,
Climate Research, 64(1), pp. 85-98. doi: 10.3354/cr01308.

Hanson, H. and Larson, M. (2008) ‘Implications of extreme waves and water levels
in the southern Baltic Sea’, Journal of Hydraulic Research, 46(SUPPL. 2),
pp- 292-302. doi: 10.1080/00221686.2008.9521962.

Hao, Z. and Singh, V. P. (2016) ‘Review of dependence modeling in hydrology and
water resources’, Progress in Physical Geography, 40(4), pp. 549-578. doi:
10.1177/0309133316632460.

Hao, Z., Singh, V. P. and Hao, F. (2018) ‘Compound extremes in hydroclimatology:
A review’, Water (Switzerland), 10(6), pp. 16-21. doi: 10.3390/w10060718.

Hawkins, E. and Sutton, R. (2009) ‘The potential to narrow uncertainty in regional
climate predictions’, Bulletin of the American Meteorological Society, 90(8),
pp. 1095-1107. doi: 10.1175/2009BAMS2607.1.

Her, Y. et al. (2019) ‘Uncertainty in hydrological analysis of climate change: multi-
parameter vs. multi-GCM ensemble predictions’, Scientific Reports, 9(1), pp.
1-22. doi: 10.1038/s41598-019-41334-7.

Hersbach, H. ef al. (2023) ‘ERAS hourly data on single levels from 1940 to
present.’, Copernicus Climate Change Service (C3S) Climate Data Store
(CDS). doi: 10.24381/cds.adbb2d47.

Hieronymus, M. (2020) ‘Nonlinear interactions and some other aspects of
probabilistic sea level projections’, Water, 12(11), pp. 1-17. doi:
10.3390/w12113212.

Hieronymus, M. et al. (2024) ‘Compound Flooding in Halmstad: Common Causes,
Interannual Variability and the Effects of Climate Change’, Tellus, Series A:
Dynamic Meteorology and Oceanography, 76(1), pp. 148—165. doi:
10.16993/tellusa.4068.

Hieronymus, M., Hieronymus, J. and Hieronymus, F. (2019) ‘On the application of
machine learning techniques to regression problems in sea level studies’,
Journal of Atmospheric and Oceanic Technology, 36(9), pp. 1889-1902. doi:
10.1175/JTECH-D-19-0033.1.

54



Hieronymus, M. and Kalén, O. (2020a) ‘Sea-level rise projections for Sweden based
on the new IPCC special report: The ocean and cryosphere in a changing
climate’, Ambio, 49(10), pp. 1587-1600. doi: 10.1007/s13280-019-01313-8.

Hieronymus, M. and Kalén, O. (2020b) ‘Sea-level rise projections for Sweden based
on the new IPCC special report: The ocean and cryosphere in a changing
climate’, Ambio, 49(10), pp. 1587-1600. doi: 10.1007/s13280-019-01313-8.

Hieronymus, M. and Kalén, O. (2022) ‘Should Swedish sea level planners worry
more about mean sea level rise or sea level extremes?’, Ambio, 51(11), pp.
2325-2332. doi: 10.1007/s13280-022-01748-6.

Ho, E. et al. (2019) ‘Not all carbon dioxide emission scenarios are equally likely: a
subjective expert assessment’, Climatic Change, 155(4), pp. 545-561. doi:
10.1007/s10584-019-02500-y.

Hordoir, R. and Meier, H. E. M. (2010) ‘Freshwater fluxes in the Baltic Sea: A
model study’, Journal of Geophysical Research: Oceans, 115(8). doi:
10.1029/2009JC005604.

Hoskins, B. J. and Hodges, K. 1. (2002) ‘New perspectives on the Northern
Hemisphere winter storm tracks’, Journal of the Atmospheric Sciences, 59(6),
pp- 1041-1061. doi: 10.1175/1520-
0469(2002)059<1041:NPOTNH>2.0.CO;2.

Hosseinzadehtalaei, P., Tabari, H. and Willems, P. (2020) ‘Satellite-based data
driven quantification of pluvial floods over Europe under future climatic and
socioeconomic changes’, Science of the Total Environment, 721, p. 137688.
doi: 10.1016/j.scitotenv.2020.137688.

Hourdin, F. et al. (2020) ‘LMDZ6A: The Atmospheric Component of the IPSL
Climate Model With Improved and Better Tuned Physics’, Journal of
Advances in Modeling Earth Systems, 12(7), pp. 1-37. doi:
10.1029/2019MS001892.

Ibarra-Berastegi, G. et al. (2015) ‘Short-term forecasting of the wave energy flux:
Analogues, random forests, and physics-based models’, Ocean Engineering,
104, pp. 530-539. doi: 10.1016/j.oceaneng.2015.05.038.

IPCC (2014) Climate change 2014: synthesis report. Contribution of Working
Groups I, Il and I to the Fifth Assessment Report of the Intergovernmental
Panel on Climate Change, Environment. Geneva, Switzerland. doi:
10.1080/00139157.1992.9931432.

IPCC (2019) IPCC Special Report on the Ocean and Cryosphere in a Changing
Climate, The Ocean and Cryosphere in a Changing Climate: Special Report
of the Intergovernmental Panel on Climate Change. Edited by H.-O. Portner
et al. Cambridge University Press, Cambridge, UK and New York, NY,
USA. doi: 10.1017/9781009157964.

IPCC (2021) Climate Change 2021: The Physical Science Basis. Contribution of
Working Group I to the Sixth Assessment Report of the Intergovernmental
Panel on Climate Change. Cambridge, Climate Change 2021 — The Physical
Science Basis. Cambridge. Edited by V. Masson-Delmotte et al. Cambridge,
United Kingdom and New York, NY, USA,. doi: 10.1017/9781009157896.

Jenkinson, A. F. and Collison, F. P. (1977) ‘An Initial Climatology of Gales
over the North Sea.’, Synoptic climatology branch memorandum.
Meteorol ogical Off ice, (62).

Jimenez, D. A. et al. (2024) ‘Assessing downscaling techniques for frequency
analysis, total precipitation and rainy day estimation in CMIP6 simulations
over hydrological years’, Hydrology and Earth System Sciences, 28(9), pp.
1981-1997. doi: 10.5194/hess-28-1981-2024.

55



Joe, H. (2014) ‘Dependence modeling with copulas’, Dependence Modeling with
Copulas, pp. 1-457. doi: 10.1201/b17116.

Johansson, L. (2018) Extremvattenstind i Halmstad. Available at:
https://www.msb.se/siteassets/dokument/amnesomraden/skydd-mot-olyckor-
och-farliga-amnen/naturolyckor-och-
klimat/oversvamning/oversvamningskartering-kust/halmstad.pdf.

Kaufmann, C. L. G., Gallo, M. N. and Camargo, R. De (2024) ‘Regional Studies in
Marine Science Predicting storm surge extremes on the Southeast Brazilian
Coast : Long-term projections with neural networks’, Regional Studies in
Marine Science, 79(February), p. 103846. doi:
https://doi.org/10.1016/j.rsma.2024.103846.

Kew, S. F. et al. (2013) ‘The simultaneous occurrence of surge and discharge
extremes for the Rhine delta’, Natural Hazards and Earth System Sciences,
13(8), pp. 2017-2029. doi: 10.5194/nhess-13-2017-2013.

Klemeshev, A. P. et al. (2017) ‘Approaches to the Definition of the Baltic Sea
Region’, Baltic Region, 9(4), pp. 4-20. doi: 10.5922/2079-8555-2017-4-1.

Krasnopolsky, V. M. (2013) The application of neural networks in the earth system
sciences. Springer Dordrecht Heidelberg New York London. doi:
10.1007/978-94-007-6073-8.

Krieger, D. et al. (2024) ‘Machine learning-driven skillful decadal predictions of the
German Bight storm surge climate’, ESS Open Archive. doi:
10.22541/essoar.172245381.15858542/v1.

Kulinski, K. et al. (2022) ‘Biogeochemical functioning of the Baltic Sea’, Earth
System Dynamics, 13(1), pp. 633—685. doi: 10.5194/esd-13-633-2022.

Leppéranta, M. and Myrberg, K. (2009) Physical Oceanography of the Baltic Sea,
Geophysical Sciences.

Li, D. et al. (2019) ‘Statistical Bias Correction for Simulated Wind Speeds Over
CORDEX-East Asia’, Earth and Space Science, 6(2), pp. 200-211. doi:
10.1029/2018EA000493.

Lindstrom, G. et al. (2010) ‘Development and testing of the HYPE (Hydrological
Predictions for the Environment) water quality model for different spatial
scales’, Hydrology Research, 41(3—4), pp. 295-319. doi:
10.2166/nh.2010.007.

Lindstrom, G. and Bergstrom, S. (2004) ‘Runoff trends in Sweden 1807-2002°,
Hydrological Sciences Journal, 49(1), pp. 69-83. doi:
10.1623/hysj.49.1.69.54000.

Lorenz, M., Viigand, K. and Gréwe, U. (2025) ‘Untangling the waves: decomposing
extreme sea levels in a non-tidal basin, the Baltic Sea’, Natural Hazards and
Earth System Sciences, 25(4), pp. 1439-1458. doi: 10.5194/nhess-25-1439-2025.

Lucas-Picher, P. et al. (2021) ‘Convection-permitting modeling with regional
climate models: Latest developments and next steps’, Wiley Interdisciplinary
Reviews: Climate Change, 12(6), pp. 1-59. doi: 10.1002/wcc.731.

Lurton, T. et al. (2020) ‘Implementation of the CMIP6 Forcing Data in the IPSL-
CMO6A-LR Model’, Journal of Advances in Modeling Earth Systems, 12(4),
pp. 1-22. doi: 10.1029/2019MS001940.

Mafi, S. and Amirinia, G. (2017) ‘Forecasting hurricane wave height in Gulf of
Mexico using soft computing methods’, Ocean Engineering, 146, pp. 352—
362. doi: 10.1016/j.oceaneng.2017.10.003.

Malek, K. et al. (2022) ‘Bias Correction of Hydrologic Projections Strongly Impacts
Inferred Climate Vulnerabilities in Institutionally Complex Water Systems’,
Journal of Water Resources Planning and Management, 148(1), pp. 1-14.
doi: 10.1061/(asce)wr.1943-5452.0001493.

56



Maraun, D. (2016) ‘Bias Correcting Climate Change Simulations - a Critical
Review’, Current Climate Change Reports, 2(4), pp. 211-220. doi:
10.1007/s40641-016-0050-x.

Maraun, D. et al. (2017) ‘Towards process-informed bias correction of climate
change simulations’, Nature Climate Change, 7(11), pp. 764—773. doi:
10.1038/nclimate3418.

Mauritsen, T. et al. (2019) ‘Developments in the MPI-M Earth System Model
version 1.2 (MPI-ESM1.2) and Its Response to Increasing CO2’, Journal of
Advances in Modeling Earth Systems, 11(4), pp. 998—1038. doi:
10.1029/2018MS001400.

Medvedev, 1. P., Rabinovich, A. B. and Kulikov, E. A. (2013) ‘Tidal oscillations in
the Baltic Sea’, Oceanology, 53(5), pp. 526-538. doi:
10.1134/50001437013050123.

Meier, H. E. M., Kniebusch, M., et al. (2022) ‘Climate change in the Baltic Sea
region: A summary’, Earth System Dynamics, 13(1), pp. 457-593. doi:
10.5194/esd-13-457-2022.

Meier, H. E. M., Dieterich, C., ef al. (2022) ‘Oceanographic regional climate
projections for the Baltic Sea until 2100°, Earth System Dynamics, 13(1), pp.
159-199. doi: 10.5194/esd-13-159-2022.

Meier, H. E. M., Rutgersson, A. and Reckermann, M. (2014) ‘An Earth System
Science program for the Baltic Sea region’, Eos, 95(13), pp. 109-110. doi:
10.1002/2014E0130001.

Melet, A., Almar, R., et al. (2020) ‘Contribution of Wave Setup to Projected Coastal
Sea Level Changes’, Journal of Geophysical Research: Oceans, 125(8), pp.
1-24. doi: 10.1029/2020JC016078.

Melet, A., Teatini, P., et al. (2020) Earth Observations for Monitoring Marine
Coastal Hazards and Their Drivers, Surveys in Geophysics. Springer
Netherlands. doi: 10.1007/s10712-020-09594-5.

Melet, A. et al. (2023) ‘Sea level rise in Europe: observations and projections’,
(December), pp. 1-106. doi: 10.5194/sp-2023-36.

Melet, A. et al. (2024) ‘Sea Level Rise in Europe: Observations and projections’,
State of the Planet, 3-slrel, p. 4. doi: 10.5194/sp-3-slre1-4-2024.

Mesinger, F. and Arakawa, A. (1976) Numerical Methods used in Atmospheric
Models, GARP Publication Series. Available at:
http://oceanrep.geomar.de/40278/1/Mesinger ArakawaGARP.pdf.

Meucci, A., Young, . R. and Breivik, @. (2018) ‘Wind and wave extremes from
atmosphere and wave model ensembles’, Journal of Climate, 31(21), pp.
8819-8842. doi: 10.1175/JCLI-D-18-0217.1.

Moftakhari, H. ef al. (2019) ‘Linking statistical and hydrodynamic modeling for
compound flood hazard assessment in tidal channels and estuaries’, Advances
in Water Resources, 128(September 2018), pp. 28-38. doi:
10.1016/j.advwatres.2019.04.009.

Moftakhari, H. R. et al. (2017) ‘Compounding effects of sea level rise and fluvial
flooding’, Proceedings of the National Academy of Sciences of the United
States of America, 114(37), pp. 9785-9790. doi: 10.1073/pnas.1620325114.

Mondino, E. et al. (2020) “The role of experience and different sources of
knowledge in shaping flood risk awareness’, Water, 12(8). doi:
10.3390/W12082130.

Mooers, C. N. K. (1999) Coastal Ocean Prediction. Edited by C. N. K. Mooers.
American Geophysical Union. doi: 10.1029/CE056.

57



Morim, J. et al. (2018) ‘On the concordance of 21st century wind-wave climate
projections’, Global and Planetary Change, 167(May), pp. 160—171. doi:
10.1016/j.gloplacha.2018.05.005.

Nadim, F. ef al. (2008) ‘Natural hazards in Nordic countries’, Episodes, 31(1), pp.
176-184. doi: 10.18814/epiiugs/2008/v31i1/024.

Najafzadeh, F. ef al. (2022) ‘Effect of ice cover on wave statistics and wave-driven
processes in the northern Baltic Sea’, Boreal Environment Research, 27(1-6),
pp. 97-116.

Nerger, L., Hiller, W. and Schréter, J. (2005) ‘A comparison of error subspace
Kalman filters’, Tellus A: Dynamic Meteorology and Oceanography, 57(5),
p- 715. doi: 10.3402/tellusa.v57i5.14732.

Neumann, B. ef al. (2015) ‘Future coastal population growth and exposure to sea-
level rise and coastal flooding - A global assessment’, PLoS ONE, 10(3). doi:
10.1371/journal.pone.0118571.

O’Neill, B. C. et al. (2016) ‘The Scenario Model Intercomparison Project
(ScenarioMIP) for CMIP6’, Geoscientific Model Development, 9(9), pp.
3461-3482. doi: 10.5194/gmd-9-3461-2016.

Olbert, A. 1. et al. (2023) ‘Combined statistical and hydrodynamic modelling of
compound flooding in coastal areas - Methodology and application’, Journal
of Hydrology, 620(PA), p. 129383. doi: 10.1016/j.jhydrol.2023.129383.

Palmer, T. N. (2002) ‘The economic value of ensemble forecasts as a tool for risk
assessment: From days to decades’, QUARTERLY J OURNAL OF THE
ROYAL METEOROLOG I CAL SOC I ETY, 128, pp. 747-774.

Panda, J. P. (2023) ‘Machine learning for naval architecture, ocean and marine
engineering’, Journal of Marine Science and Technology (Japan), 28(1), pp.
1-26. doi: 10.1007/s00773-022-00914-5.

Paprotny, D. and Terefenko, P. (2017) ‘New estimates of potential impacts of sea
level rise and coastal floods in Poland’, Natural Hazards, 85(2), pp. 1249—
1277. doi: 10.1007/s11069-016-2619-z.

Pétsch, J. et al. (2017) ‘An evaluation of the North Sea circulation in global and
regional models relevant for ecosystem simulations’, Ocean Modelling, 116,
pp- 70-95. doi: 10.1016/j.ocemod.2017.06.005.

Pellikka, H. et al. (2020) ‘Meteotsunami occurrence in the Gulf of Finland over the
past century’, Natural Hazards and Earth System Sciences, 20(9), pp. 2535—
2546. doi: 10.5194/nhess-20-2535-2020.

Pellikka, H. et al. (2023) ‘Probabilistic projections and past trends of sea level rise
in Finland’, Natural Hazards and Earth System Sciences, 23(4), pp. 1613—
1630. doi: 10.5194/nhess-23-1613-2023.

Pemberton, P. et al. (2017) ‘Sea-ice evaluation of NEMO-Nordic 1.0: A NEMO-
LIM3.6-based ocean-sea-ice model setup for the North Sea and Baltic Sea’,
Geoscientific Model Development, 10(8), pp. 3105-3123. doi: 10.5194/gmd-
10-3105-2017.

Poate, T. G., McCall, R. T. and Masselink, G. (2016) ‘A new parameterisation for
runup on gravel beaches’, Coastal Engineering, 117, pp. 176—190. doi:
10.1016/j.coastaleng.2016.08.003.

Pugh, D. T. (1987) Tides, Surges and Mean Sea-Level. Available at:
papers3://publication/uuid/E163F4D7-4A50-44FB-9073-3A9698FBCD72.

Purkiani, K., Jochumsen, K. and Fischer, J. G. (2024) ‘Observation of a moderate
major Baltic Sea inflow in December 2023, Scientific Reports, 14(1), pp. 1—-
9. doi: 10.1038/s41598-024-67328-8.

58



Ranasinghe, R. (2016) ‘Assessing climate change impacts on open sandy coasts: A
review’, Earth-Science Reviews, 160, pp. 320-332. doi:
10.1016/j.earscirev.2016.07.011.

Rantanen, M. et al. (2024) “The Impact of Serial Cyclone Clustering on Extremely
High Sea Levels in the Baltic Sea’, Geophysical Research Letters, 51(6). doi:
10.1029/2023GL107203.

Rauscher, S. A. et al. (2010) ‘Resolution effects on regional climate model
simulations of seasonal precipitation over Europe’, Climate Dynamics, 35(4),
pp. 685-711. doi: 10.1007/s00382-009-0607-7.

Reckermann, M. et al. (2022) ‘Human impacts and their interactions in the Baltic Sea
region’, Earth System Dynamics, 13(1), pp. 1-80. doi: 10.5194/esd-13-1-2022.

Reichstein, M. et al. (2019) ‘Deep learning and process understanding for data-
driven Earth system science’, Nature, 566(7743), pp. 195-204. doi:
10.1038/s41586-019-0912-1.

Retsd, D. (2015) ‘Documentary evidence of historical floods and extreme rainfall
events in Sweden 1400-1800°, Hydrology and Earth System Sciences, 19(3),
pp. 1307-1323. doi: 10.5194/hess-19-1307-2015.

Rouvas-Nicolis, C. and Nicolis, G. (2009) ‘Butterfly effect’, Scholarpedia, 4(5), p.
1720. doi: 10.4249/scholarpedia.1720.

Rutgersson, A. et al. (2014) ‘Observed changes and variability of atmospheric
parameters in the Baltic Sea region during the last 200 years’, Climate
Research, 61(2), pp. 177-190. doi: 10.3354/cr01244.

Rutgersson, A. et al. (2022) ‘Natural hazards and extreme events in the Baltic Sea
region’, Earth System Dynamics, 13(1), pp. 251-301. doi: 10.5194/esd-13-
251-2022.

Rutgersson, A., Nilsson, E. O. and Kumar, R. (2012) ‘Introducing surface waves in
a coupled wave-atmosphere regional climate model: Impact on atmospheric
mixing length’, Journal of Geophysical Research: Oceans, 117(6), pp. 1-11.
doi: 10.1029/2012JC007940.

Sadegh, M. ef al. (2018) ‘Multihazard Scenarios for Analysis of Compound Extreme
Events’, Geophysical Research Letters, 45(11), pp. 5470-5480. doi:
10.1029/2018GL077317.

Sadegh, M., Ragno, E. and AghaKouchak, A. (2017) ‘Multivariate Copula Analysis
Toolbox (MvCAT): Describing dependence and underlying uncertainty using
a Bayesian framework’, Water Resources Research, 53, pp. 5166-5183. doi:
10.1029/e00641046p00929-04.

Salvadori, G. et al. (2016) ‘A multivariate copula-based framework for dealing with
hazard scenarios and failure probabilities’, Journal of the American Water
Resources Research, 52(3), pp. 2-2. doi: 10.1111/.1752-
1688.1969.tb04897 x.

Samuelsson, M. and Stigebrandt, A. (1996) ‘Main characteristics of the long-term
sea level variability in the Baltic Sea’, pp. 672—683.

Silvia, M. T. and Robinson, E. A. (1979) Deconvolution of geophysical time series
in the exploration for oil and natural gas, Developments in Petroleum
Science. Elsevier. doi: https://doi.org/10.1016/S0376-7361(08)70127-4.

Sokolov, A. and Chubarenko, B. (2024) ‘Baltic sea wave climate in 1979-2018:
Numerical modelling results’, Ocean Engineering, 297(January). doi:
10.1016/j.oceaneng.2024.117088.

Soomere, T. (2008) ‘Extremes and Decadal Variations of the Northern Baltic Sea
Wave Conditions’, in Pelinovsky, E. and Kharif, C. (eds) Extreme Ocean
Waves. Springer, pp. 139—158.

59



Soomere, T. ef al. (2015) ‘An abrupt change in winds that may radically affect the
coasts and deep sections of the Baltic Sea’, Climate Research, 62(2), pp.
163—171. doi: 10.3354/cr01269.

Stockdon, H. F. ef al. (2006) ‘Empirical parameterization of setup, swash, and
runup’, Coastal Engineering, 53(7), pp. 573-588. doi:
10.1016/j.coastaleng.2005.12.005.

Stromgqvist, J. et al. (2012) “Water and nutrient predictions in ungauged basins: set-
up and evaluation of a model at the national scale’, Hydrological Sciences
Journal, 57(2), pp. 229-247. doi: 10.1080/02626667.2011.637497.

Tadesse, M., Wahl, T. and Cid, A. (2020) ‘Data-Driven Modeling of Global Storm
Surges’, Frontiers in Marine Science, 7(April), pp. 1-19. doi:
10.3389/fmars.2020.00260.

Takbash, A., Young, I. R. and Breivik, @. (2019) ‘Global wind speed and wave
height extremes derived from long-duration satellite records’, Journal of
Climate, 32(1), pp. 109-126. doi: 10.1175/JCLI-D-18-0520.1.

Tapiador, F. J. et al. (2020) ‘Regional climate models: 30 years of dynamical
downscaling’, Atmospheric Research, 235(November 2019), p. 104785. doi:
10.1016/j.atmosres.2019.104785.

Teutschbein, C. and Seibert, J. (2010) ‘Regional climate models for hydrological
impact studies at the catchment scale: A review of recent modeling
strategies’, Geography Compass, 4(7), pp. 834-860. doi: 10.1111/j.1749-
8198.2010.00357 x.

Teutschbein, C., Wetterhall, F. and Seibert, J. (2011) ‘Evaluation of different
downscaling techniques for hydrological climate-change impact studies at the
catchment scale’, Climate Dynamics, 37(9—10), pp. 2087-2105. doi:
10.1007/s00382-010-0979-8.

ThemeBl, M. J., Gobiet, A. and Leuprecht, A. (2010) ‘Empirical-statistical
downscaling and error correction of daily precipitation from regional climate
models’, International Journal of Climatology, 31(10), pp. 1530—1544. doi:
10.1002/joc.2168.

Thorarinsdottir, T. L. et al. (2017) ‘Sea level adaptation decisions under
uncertainty’, Water Resources Research, 53(10), pp. 8147-8163. doi:
10.1002/2016WR020354.

Tootoonchi, F. et al. (2022) ‘Copulas for hydroclimatic analysis: A practice-oriented
overview’, Wiley Interdisciplinary Reviews: Water, 9(2), pp. 1-28. doi:
10.1002/wat2.1579.

Vaittinada Ayar, P. ef al. (2016) ‘Intercomparison of statistical and dynamical
downscaling models under the EURO- and MED-CORDEX initiative
framework: present climate evaluations’, Climate Dynamics, 46(3—4), pp.
1301-1329. doi: 10.1007/s00382-015-2647-5.

Vanem, E. (2017) ‘A regional extreme value analysis of ocean waves in a changing
climate’, Ocean Engineering, 144(December 2016), pp. 277-295. doi:
10.1016/j.oceaneng.2017.08.027.

Vousdoukas, M. I. et al. (2016) ‘Projections of extreme storm surge levels along
Europe’, Climate Dynamics, 47(9-10), pp. 3171-3190. doi: 10.1007/s00382-
016-3019-5.

Vousdoukas, M. L. et al. (2017) ‘Extreme sea levels on the rise along Europe’s
coasts’, Earth’s Future, 5(3), pp. 304-323. doi: 10.1002/2016EF000505.

Vousdoukas, M. 1. et al. (2018) ‘Climatic and socioeconomic controls of future
coastal flood risk in Europe’, Nature Climate Change, 8(9), pp. 776—780. doi:
10.1038/s41558-018-0260-4.

60



Wahl, T. et al. (2015) ‘Increasing risk of compound flooding from storm surge and
rainfall for major US cities’, Nature Climate Change, 5(12), pp. 1093—-1097.
doi: 10.1038/nclimate2736.

Wahl, T. ef al. (2017) ‘Understanding extreme sea levels for broad-scale coastal
impact and adaptation analysis’, Nature Communications, 8(May), pp. 1-12.
doi: 10.1038/ncomms16075.

van de Wal, R. ef al. (2024) ‘Sea Level Rise in Europe: Impacts and consequences’,
State of the Planet, 3-slrel, pp. 1-33. doi: 10.5194/sp-3-slre1-5-2024.

Weisse, R. et al. (2021) ‘Sea level dynamics and coastal erosion in the Baltic Sea
region’, Earth System Dynamics, 12(3), pp. 871-898. doi: 10.5194/esd-12-
871-2021.

Wilby, R. L. and Harris, 1. (2006) ‘A framework for assessing uncertainties in
climate change impacts: Low-flow scenarios for the River Thames, UK,
Water Resources Research, 42(2), pp. 1-10. doi: 10.1029/2005WR004065.

Wilcke, R. A. 1., Mendlik, T. and Gobiet, A. (2013) ‘Multi-variable error correction
of regional climate models’, Climatic Change, 120(4), pp. 871-887. doi:
10.1007/s10584-013-0845-x.

Winsor, P., Rodhe, J. and Omstedt, A. (2001) ‘Baltic Sea ocean climate: an analysis
of 100 yr of hydrographical data with focus on the freshwater budget.’,
Climate Research, 18, pp. 5—15. Available at:
papers2://publication/uuid/7DA939AB-5937-4F6E-A2CC-1D4A06442BE1.

WMO (2021) WMO Atlas of Mortality and Economic Losses From Weather ,
Climate and Water Extremes. Available at:
https://library.wmo.int/doc_num.php?explnum_id=10902.

Wolski, T. et al. (2014) ‘Extreme sea levels at selected stations on the Baltic Sea
coast’, Oceanologia, 56(2), pp. 259—-290. doi: 10.5697/0c.56-2.259.

Yang, W. et al. (2025) ‘“Weather warning archives reveal spatio-temporal hot spots
of compound natural hazards’, Scientific Reports, 15(1), pp. 1-12. doi:
10.1038/s41598-025-96842-6.

Zakharchuk, E. A. et al. (2021) ‘Spatiotemporal structure of Baltic free sea level
oscillations in barotropic and baroclinic conditions from hydrodynamic
modelling’, Ocean Science, 17(2), pp. 543-559. doi: 10.5194/0s-17-543-
2021.

Zscheischler, J. ef al. (2018) ‘Future climate risk from compound events’, Nature
Climate Change, 8(6), pp. 469-477. doi: 10.1038/s41558-018-0156-3.
Zscheischler, J. et al. (2020) ‘A typology of compound weather and climate events’,
Nature Reviews Earth and Environment, 1(7), pp. 333-347. doi:

10.1038/s43017-020-0060-z.

61



Acta Universitatis Upsaliensis

Digital Comprehensive Summaries of Uppsala Dissertations from
the Faculty of Science and Technology 2576

Editor: The Dean of the Faculty of Science and Technology

A doctoral dissertation from the Faculty of Science and
Technology, Uppsala University, is usually a summary of a
number of papers. A few copies of the complete dissertation
are kept at major Swedish research libraries, while the
summary alone is distributed internationally through

the series Digital Comprehensive Summaries of Uppsala
Dissertations from the Faculty of Science and Technology.
(Prior to January, 2005, the series was published under the
title “Comprehensive Summaries of Uppsala Dissertations
from the Faculty of Science and Technology”.)

Distribution: publications.uu.se
urn:nbn:se:uu:diva-565646

ACTA UNIVERSITATIS
UPSALIENSIS
2025



	Abstract
	List of Papers
	Author Contributions
	Contents
	1 Introduction
	2 Study area
	3 Theory & Background
	3.1 Extreme Sea Levels
	3.2 Wind-generated waves
	3.3 Hydrological flooding in coastal catchments
	3.4 Compound coastal floods

	4 Data & Methods
	4.1 Data
	4.1.1 Observations
	4.1.2 Reanalysis and hindcast models
	4.1.3 Climate models

	4.2 Methods
	4.2.1 Extreme value theory and copula-basedstatistical modelling
	4.2.2 Random Forest models for sea level and wave prediction
	4.2.3 Uncertainty quantification using Random Forest


	5 Results & Discussion
	5.1 Sea level reconstruction using RandomForest models
	5.2 Uncertainties in compound coastal floodhazard estimates
	5.3 Storm tide variability and long-term trends
	5.4 Evolution of wave climate in the Baltic Sea

	6 Summary & Outlook
	7 Populärvetenskaplig sammanfattning
	8 Résumé en français
	9 Acknowledgements
	10 References



