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A B S T R A C T

Storm surges represent a persistent and growing challenge for coastal populations.
These extreme events can cause severe flooding, substantial damage to property and
critical infrastructure, and endanger human lives. The German Bight, located in the
southeastern North Sea, is a region frequently affected by storm surges. With on-
going climate change, the frequency and intensity of extreme weather events are
expected to increase, while rising sea levels further amplify the potential impact of
storm surges. In this context, reliable information of future storm surge risk is essen-
tial for effective coastal planning and adaptation strategies.

From a scientific perspective, however, significant challenges remain, particularly in
translating wind conditions into storm surge heights. This difficulty arises because
the response of coastal waters to wind forcing is highly variable and influenced by
multiple interacting physical factors. Current approaches rely on either computation-
ally intensive regional or global climate models or highly complex statistical models,
neither of which allow for comprehensive multi-model assessments based on climate
projections. Consequently, projections of storm surge heights for the German Bight
based on multi-model assessments do not yet exist. However, such assessments are
essential for providing reliable and robust information on future storm surge risk.
Moreover, the few existing projections of storm surge heights, which are based on
a single climate model or scenario, do not incorporate sea-level rise, even though it
plays a critical role in elevating the baseline water level. Rising sea levels make even
moderate storm events increasingly dangerous. Despite its importance, the integra-
tion of sea-level rise into storm surge modeling remains an open issue.

As existing modeling approaches do not allow for projecting storm surge heights
based on a multi-model ensemble of climate simulations, the first part of this disser-
tation focuses on developing a statistical storm surge model suitable for this purpose.
The statistical model is based on a multiple linear regression approach that uses wind
as the only predictor. By systematically tuning the model settings, the final model
comprises only five terms – squared wind values at four lead times and an intercept
as the fifth term. Despite its simplicity, it has a predictive skill comparable to more
complex approaches. Moreover, the storm surge model delivers robust predictions
for moderate and extreme storm surges. Its minimal input requirements and com-
putational efficiency make it well suited for using large ensembles of climate model
data, providing a valuable tool for projecting future storm surge heights.

Next, I explore the impacts of climate change on storm surge frequency and height
in the German Bight. For this purpose, I apply the statistical model to a multi-model
ensemble of climate simulations and present projections of storm surge heights for
the German Bight across multiple emission scenarios. Based on changes in wind pat-
terns alone I find an increase in the frequency of potential winter storm surge events
by around 10% by 2100. Supported by recent studies, this increase is attributed to
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a higher frequency of westerly and northwesterly winds, linked to shifts in storm
tracks under future climate conditions. When additionally accounting for sea-level
rise, moderate and severe present-day storm surge thresholds in the German Bight
are projected to be exceeded three to five times more often by the end of the century
than historically.

Overall, in this thesis, I introduce a new statistical storm surge model for the German
Bight. Its simplicity and efficiency make it a novel tool for investigating storm surge
heights across a range of timescales. Moreover, the underlying modeling approach
is transferable to coastal regions worldwide where wind is the dominant driver for
storm surge development. I demonstrate the statistical model’s capabilities by apply-
ing it to a multi-model ensemble of climate projections to investigate future storm
surge heights in the German Bight. The resulting projections across multiple emis-
sion scenarios provide robust insights into how storm surge risk in the German Bight
may evolve under a changing climate.
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Z U S A M M E N FA S S U N G

Sturmfluten stellen für die Bevölkerung in Küstenregionen eine anhaltende und
zunehmende Herausforderung dar. Diese Extremereignisse können schwere Über-
schwemmungen, erhebliche Schäden an Eigentum und kritischer Infrastruktur ver-
ursachen und Menschenleben gefährden. Die Deutsche Bucht, im südöstlichen Teil
der Nordsee gelegen, ist eine Region, die häufig von Sturmfluten betroffen ist. Mit
dem fortschreitenden Klimawandel wird erwartet, dass die Häufigkeit und Intensi-
tät extremer Wetterereignisse zunehmen, während der Anstieg des Meeresspiegels
die potenziellen Auswirkungen von Sturmfluten zusätzlich verstärkt. In diesem Zu-
sammenhang sind zuverlässige Informationen über das zukünftige Sturmflutrisiko
für eine effektive Küstenplanung und Anpassungsstrategien unerlässlich.

Aus wissenschaftlicher Sicht bestehen jedoch nach wie vor erhebliche Herausforde-
rungen, insbesondere bei der Umrechnung von Windverhältnissen in Sturmfluthö-
hen. Diese Schwierigkeit entsteht, da die Auswirkungen von Wind auf Küstenge-
wässer sehr unterschiedlich sind und von mehreren miteinander interagierenden
physikalischen Faktoren beeinflusst werden. Aktuelle Ansätze beruhen entweder
auf rechenintensiven regionalen oder globalen Klimamodellen oder auf hochkomple-
xen statistischen Modellen, wobei keiner dieser Ansätze umfassende Multi-Modell-
Bewertungen auf Grundlage von Klimaprojektionen ermöglicht. Folglich gibt es bis-
lang noch keine Projektionen der Sturmfluthöhen für die Deutsche Bucht, die auf
Multi-Modell-Beweretungen basieren. Solche Bewertungen sind jedoch unerlässlich,
um zuverlässige und fundierte Informationen über das zukünftige Sturmflutrisi-
ko zu liefern. Darüber hinaus beinhalten die wenigen vorhandenen Projektionen
der Sturmfluthöhen, die auf einem einzigen Klimamodell oder Szenario basieren,
nicht den Anstieg des Meeresspiegels, obwohl dieser eine entscheidene Rolle bei der
Ehöhung des Ausgangswasserstandes spielt. Der Anstieg des Meeresspiegels macht
selbst moderate Sturmereignisse zunehmend gefährlicher. Trotz seiner Wichtigkeit
bleibt die Einbeziehung des Meeresspiegelanstiegs in die Sturmflutmodellierung ei-
ne noch zu lösende Aufgabe.

Da bestehende Modellierungsansätze keine Projektionen von Sturmfluthöhen auf
der Grundlage eines Multi-Modell-Ensembles von Klimasimulationen ermöglichen,
konzentriert sich der erste Teil dieser Dissertation auf die Entwicklung eines statis-
tischen Sturmflutmodells, das für diesen Zweck geeignet ist. Das statistische Sturm-
flutmodell basiert auf dem Ansatz der multiplen linearen Regression, bei dem Wind
als einziger Prädiktor verwendet wird. Durch systematische Anpassung der Model-
leinstellungen besteht das endgültige Modell lediglich aus fünf Termen – quadrierte
Windwerten zu vier Vorlaufzeiten sowie einem Achsenabschnitt als fünften Term.
Trotz seiner Einfachheit hat es eine Vorhersagegenauigkeit, die mit komplexeren An-
sätzen vergleichbar ist. Darüber hinaus liefert das Sturmflutmodell robuste Vorhersa-
gen sowohl für moderate als auch für extreme Sturmfluten. Aufgrund seiner minima-
len Eingabevorgaben und seiner Recheneffizienz eignet es sich gut zur Verwendung

VII



großer Ensembles von Klimamodelldaten und stellt ein wertvolles Instrument zur
Bewertung der zukünftigen Sturmfluthöhen dar.

Als Nächstes untersuche ich die Auswirkungen des Klimawandels auf die Häufigkeit
und Höhe von Sturmfluten in der Deutschen Bucht. Dafür wende ich das statistische
Modell auf ein Multi-Modell-Ensemble von Klimasimulationen an und stelle Projek-
tionen der Sturmfluthöhen in der Deutschen Bucht unter verschiedenen Emissionss-
zenarien vor. Allein aufgrund der sich verändernden Windverhältnisse stelle ich bis
2100 eine Zunahme der Häufigkeit potenzieller Wintersturmfluten um etwa 10% fest.
Gestützt durch aktuelle Studien wird dieser Anstieg auf eine höhere Häufigkeit von
West- und Nordwestwinden zurückgeführt, die mit Verschiebungen der Sturmbah-
nen unter zukünftigen Klimabedingungen zusammenhängen. Unter zusätzlicher Be-
rücksichtigung des Meeresspiegelanstiegs wird projiziert, dass die heutigen Grenz-
werte für moderate und schwere Sturmfluten in der Deutschen Bucht bis zum Ende
des Jahrhunderts drei- bis fünfmal häufiger überschritten werden als in der Vergan-
genheit.

In dieser Arbeit stelle ich ein neues statistisches Sturmflutmodell für die Deutsche
Bucht vor. Seine Einfachheit und Effizienz machen es zu einem neuen Instrument zur
Untersuchung von Sturmfluthöhen über verschiedene Zeiträume hinweg. Darüber
hinaus lässt sich der zugrunde liegende Modellierungsansatz auf Küstenregionen
weltweit übertragen, bei denen Wind der dominierende Faktor für die Entstehung
von Sturmfluten ist. Ich veranschauliche die Leistungsfähigkeit des statistischen Mo-
dells, indem ich es auf ein Multi-Modell-Ensemble von Klimaprojektionen anwende,
um zukünftige Sturmfluthöhen in der Deutschen Bucht zu untersuchen. Die daraus
resultierenden Projektionen für verschiedenen Emissionsszenarien liefern robuste Er-
kenntnisse darüber, wie sich das Sturmflutrisiko in der Deutschen Bucht unter sich
ändernden Klimabedingungen entwickeln könnte.

VIII



P U B L I C AT I O N S R E L AT E D T O T H I S D I S S E RTAT I O N

Appendix A:

Schaffer, L., Boesch, A., Baehr, J., and Kruschke, T. (2025). “Development of a wind-
based storm surge model for the German Bight.” Natural Hazards and Earth System
Sciences 25.6, pp. 2081–2096. doi: 10.5194/nhess-25-2081-2025.

Appendix B:

Schaffer, L., Baehr, J., and Kruschke, T. (in prep.). “Future Storm Surge Risk in the
German Bight.”

IX

https://doi.org/10.5194/nhess-25-2081-2025




A C K N O W L E D G M E N T S

What a journey! When I started the position at BSH three and a half years ago, I
would have never imagined that I would one day be writing these lines. Actually
finishing this thesis means a lot to me, and it would not have been possible without
the support, guidance, and company of so many wonderful people along the way.

First of all, I would like to express my heartfelt thanks to my supervisors, Johanna
Baehr and Tim Kruschke, for their guidance throughout this PhD journey. Johanna,
thank you for welcoming me back into the group, shaping the framework of this
PhD, and making me feel as though I had never left. Thank you for your constant
support, encouragement, empathy, and for always being there to listen when things
got complicated. Thank you for all your advice – both scientific and personal – for
your guidance, and for helping me view things from new angles when I felt stuck.
Tim, thank you for countless hours of brainstorming, for always keeping your door
open, and for helping me stay on track whenever I got lost in the details. I am grateful
for your patience in answering my endless questions and for reminding me to zoom
out and see the bigger picture when I couldn’t see the forest for the trees. Thank you
also for celebrating even the small milestones, and for handling the many bureau-
cratic challenges at BSH – often making things possible that could not be taken for
granted. Moreover, I would like to thank Kerstin Jochumsen for being a wonderful
panel chair. I truly appreciated our panel meetings and your honest, thoughtful ad-
vice, which have greatly contributed to shaping this work.

I would also like to thank the Climate Modeling Group – such a great group of peo-
ple! Thank you all for welcoming me back so warmly into the team. Even though I
was only at the university on Mondays, I truly enjoyed our time together – the chats
over lunch, the talks in the kitchen, and the days we spent during the group retreat. I
am also grateful for the valuable advice and discussions during our group meetings,
which helped me improve my work and see my research from new perspectives.
A special thanks to Marlene for welcoming me into her office and for being such
a wonderful Monday office-mate. I really enjoyed all our conversations – whether
about science or about life in general. Thanks also to Edu for patiently answering all
my formal thesis-related questions, especially in the last few months.

A huge thank you to the members of the Marine Climate group at BSH, especially
Claudia, Corinna, Frank and Jens, for the many scientific discussions and valuable
advice. I truly enjoyed our exchanges – they were inspiring, motivating and always
left me with new ideas and energy for my work. A very special thanks goes to
Corinna, the best office-mate I could have imagined. Thank you for all the joint
brainstorming sessions, for helping me in interpret results and for motivating me.
Thank you for the endless supply of snacks when my brain needed extra sugar and
for all the chatting and laughing that made every day in the office a joy.

XI



Many thanks to Claudia, Frank, Jens, Daniel, Arne, Lena and Patricia for taking
the time to proofread my thesis. Your comments and feedback were invaluable and
greatly helped to improve the quality and clarity of this work.

Finally, I would like to thank my family and my partner, Arne. To my family, thank
you for you support and for never giving up on trying to understand what I am
actually doing every day. Arne, thank you for sharing all the ups and downs of this
journey with me, for always cheering me up, and for standing by my side with your
support and patience.

XII



C O N T E N T S

unifying essay 1

1 introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.1 Storm surges: Nature’s never-ending challenge to coasts . . . . . . . . 3

1.2 Defining storm surges . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.3 Primary drivers of storm surges . . . . . . . . . . . . . . . . . . . . . . 6

1.4 Storm surges and their drivers in a changing climate . . . . . . . . . . 7

1.5 Storm surge modeling: Applications and limitations . . . . . . . . . . 9

1.6 How my research fits in . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2 wind-based storm surge prediction : a simple statistical model 15

2.1 Model development and training framework . . . . . . . . . . . . . . . 15

2.2 Model performance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

2.3 Answering the research question . . . . . . . . . . . . . . . . . . . . . . 20

3 wind-driven storm surges and their interaction with sea-
level rise in a changing climate . . . . . . . . . . . . . . . . . . . . 21

3.1 Projected wind-driven surge risk . . . . . . . . . . . . . . . . . . . . . . 22

3.2 Projected extreme water levels: Wind-driven surges and sea-level rise
combined . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

3.3 Answering the research questions . . . . . . . . . . . . . . . . . . . . . 26

4 conclusions and outlook . . . . . . . . . . . . . . . . . . . . . . . . . . 27

4.1 Setting the course: Contributions and perspectives in storm surge re-
search . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

publications 31

a development of a wind-based storm surge model for the ger-
man bight . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

a.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

a.2 Methods and data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

a.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

a.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

a.5 Summary and conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . 52

a.6 Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

b future storm surge risk in the german bight . . . . . . . . . . . . 57

b.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

b.2 Methods and data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

b.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

b.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

b.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

bibliography 77

XIII



L I S T O F F I G U R E S

Figure 1.1 Map of the German Bight showing Hamburg and Cuxhaven . 4

Figure 1.2 Storm surge thresholds for the German Bight . . . . . . . . . . 5

Figure 1.3 Simplified schematic of the skew surge . . . . . . . . . . . . . 10

Figure 2.1 Hourly storm surge model: Locations and lead times . . . . . 16

Figure 2.2 Prediction skill of the hourly storm surge model . . . . . . . . 18

Figure 2.3 Time series of observed and predicted skew surges . . . . . . 19

Figure 3.1 Three-hourly storm surge model: Locations and lead times . 22

Figure 3.2 Projected changes in wind surge frequency . . . . . . . . . . . 23

Figure 3.3 Projected changes in storm surge-related atmospheric conditions 24

Figure 3.4 Projected water-level changes from wind surges and SLR . . . 26

Figure A.1 Study area: North Sea, German Bight and Cuxhaven . . . . . 36

Figure A.2 Schematic representation of model development . . . . . . . . 39

Figure A.3 Predictor locations and lead times . . . . . . . . . . . . . . . . 43

Figure A.4 Model performance by threshold and regularization . . . . . . 44

Figure A.5 Skew surge predictions across regularization methods . . . . 46

Figure A.6 Skew surge distributions before and after bias correction . . . 48

Figure A.7 Skew surge heights before and after bias correction . . . . . . 48

Figure A.8 Time series of observed and predicted skew surges . . . . . . 51

Figure A.9 Grid-cell model performance . . . . . . . . . . . . . . . . . . . 53

Figure B.1 Projected changes in wind surge frequency . . . . . . . . . . . 64

Figure B.2 Projected changes in storm surge-related atmospheric conditions 65

Figure B.3 Projected water-level changes from wind surges and SLR . . . 67

Figure S1 Three-hourly storm surge model: Locations and lead times . 72

Figure S2 Projected daily wind surge heights . . . . . . . . . . . . . . . . 73

Figure S3 Projected monthly storm surge frequency . . . . . . . . . . . . 73

Figure S4 Projected changes in seasonal mean wind speed and direction 74

XIV



L I S T O F TA B L E S

Table A.1 Sub-sample sizes according to threshold value . . . . . . . . . 40

Table A.2 Contingency table . . . . . . . . . . . . . . . . . . . . . . . . . . 49

Table S1 List of CMIP6 models and corresponding ensemble sizes . . . 75

Table S2 Number of storm surges per climate model . . . . . . . . . . . 75

XV



A C R O N Y M S

BSH
Bundesamt für Seeschifffahrt und Hydrographie

German Federal Maritime and Hydrographic Agency

CDF Cumulative Distribution Function

CMIP Coupled Model Intercomparison Project

DJF December-February

ECMWF European Centre for Medium-Range Weather Forecasts

ERA5 European Centre for Medium-Range Weather Forecasts Reanalysis v5

hwss High-water skew surge

JJA June-August

MHW Mean High Water

NAO North Atlantic Oscillation

OLS Ordinary Least Squares

PDF Probability Density Function

RMSE Root-Mean-Square Error

SLR Sea-Level Rise

SSPs Shared Socioeconomic Pathways

XVI



U N I F Y I N G E S S AY





1
I N T R O D U C T I O N

1.1 storm surges : nature’s never-ending challenge to coasts

The ocean is never still. Its constant motion – tides, waves and surges – has fasci-
nated observers for centuries. For as long as humans have lived near the coast, the
sea has been both a vital source of sustenance and a subject of enduring fascination,
but also of awe and respect for its power (O’Halloran and Silver, 2022). Storm surges
– sudden increases of coastal water levels driven by strong winds – are among the
most striking expressions of the ocean’s force. They are capable of reshaping coast-
lines within hours, making them a critical challenge for coastal regions worldwide,
as they are more exposed to natural hazards than any other region (Kron, 2013).
Storm surges can cause severe flooding and erosion, leading to widespread damage
to infrastructure and property. They may also result in loss of life and injury, making
them one of the most destructive coastal hazards (von Storch, 2014). In 2018, about
10% of the global population resided within 5 km of the shoreline and nearly 25%
within 50 km (Cosby et al., 2024). As the population in coastal areas continue to grow
faster than in inland regions, both the exposure and vulnerability to storm surges are
steadily increasing (Cosby et al., 2024).

Among the regions worldwide that are exposed to the risk of extreme water levels,
the German Bight (Fig. 1.1) in the southeastern North Sea is particularly prone to
storm surges. Its location at the narrow, funnel-shaped end of the North Sea ampli-
fies surge levels as wind-driven water masses are pushed toward the shallow south-
eastern corner. Especially, strong northwesterly winds coinciding with high tide can
lead to extreme water levels along the German Bight coast (Gönnert, 2003; Jensen
and Müller-Navarra, 2008). An example of the destructive potential of storm surges
in the German Bight is the storm surge of 16 February 1962. Most affected was the
city of Hamburg which is located at the end of the Elbe estuary, about 100 km inland
from the North Sea Coast (Fig. 1.1). During storm surges, water accumulates there as
the North Sea is forced inland through the estuary. The event was the most deadly
in the city’s 20th-century history, claiming more than 300 lives, and the most costly,
with damages of 1.6 billion EUR (de Guttry and Ratter, 2022; Jochner et al., 2013). It
also ranks as the biggest natural disaster in Germany during this period. The flood-
ing caused dikes to breach and inundated large parts of the city, destroying 6,000

buildings and leaving 20,000 people homeless (de Guttry and Ratter, 2022; Jochner
et al., 2013; Meyer and Gaslikova, 2024). The storm surge of 1962 served as an alarm
bell, demonstrating the urgent need for a fundamental renewal of storm surge pro-
tection. In response, massive investments were made in coastal defense. The design
water levels were recalculated, and dikes were subsequently widened, raised, and in
many sections completely rebuilt. In addition, disaster plans were established and
public information measures were improved (de Guttry and Ratter, 2022; Meyer and
Gaslikova, 2024; von Storch et al., 2008; von Storch and Woth, 2008). The effective-
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Figure 1.1: Map showing the German Bight and the cities of Hamburg and Cuxhaven.

ness of these efforts became evident during the storm surge of 3 January 1976. This
event produced the highest water levels ever recorded in the German Bight, well
above those of 1962. Nevertheless, the newly reinforced coastal defenses withstood
the surge, resulting in insignificant damages in Hamburg and, crucially, no loss of
life in the city (de Guttry and Ratter, 2022; Meyer and Gaslikova, 2024; von Storch
and Woth, 2008).

Over the past century, coastal protection along the German Bight has continuously
improved considerably, with dikes, seawalls, beach nourishment, and wetlands pro-
viding a combination of hard and nature-based defenses. At the same time, the pop-
ulation along the German Bight coast has grown, placing more people and critical
infrastructure in areas vulnerable to flooding and storm surges. To inform coastal
planning and enable authorities to anticipate future hazards and implement effective
protection measures, research providing reliable projections of storm surge heights
is essential. However, substantial uncertainties remain regarding future storm surge
behavior. The magnitude and direction of change in storm surge heights depend on
several interacting factors. In particular, potential changes in wind patterns over the
North Sea could significantly alter storm surge heights in the German Bight. Acceler-
ating sea-level rise (SLR) will further influence surge levels by increasing the baseline
water level (Fox-Kemper et al., 2021). Understanding the extent to which these fac-
tors will affect future storm surge heights in the German Bight is a key challenge.

To address this challenge and to estimate future storm surge heights in the German
Bight, it is first necessary to define what constitutes a storm surge (Sect. 1.2). Further-
more, it is important to outline the primary drivers behind these events (Sect. 1.3)
and to describe projected changes in these drivers under future climate conditions
(Sect. 1.4). Finally, reviewing how storm surges have been modeled in past stud-
ies and evaluating the applicability of these approaches for projecting future storm
surge heights is essential (Sect. 1.5).
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1.2 defining storm surges

A storm surge is the ocean’s response to certain meteorological conditions and occurs
only when these conditions coincide with high tide. Strong winds during a storm can
elevate water levels along coastlines and estuaries above the expected tidal heights.
However, not every increase in water level qualifies a storm surge – it has to surpass
a specific threshold. If this threshold is not exceeded, the wind-induced water level
change is referred to as a wind surge. Wind surges can be either positive, causing
higher water levels than expected, or negative, causing lower water levels than ex-
pected, depending on the wind forcing. These wind surges are superimposed on
the regular tides, and when the combined water level exceeds a defined threshold,
it is classified as a storm surge. The definition of the storm surge threshold varies
between different coastal regions and responsible authorities, as it depends strongly
on local tidal dynamics. In areas with large tidal ranges, the reference values for
identifying a storm surge are generally higher than in regions with little or no tidal
influence. In the German Bight and its connected estuaries, the wind-driven compo-
nent of storm surges can reach several meters – comparable to the tidal cycle itself.
The German Federal Maritime and Hydrographic Agency (Bundesamt für Seeschiff-
fahrt und Hydrographie, BSH) classifies storm surges in the North Sea relative to
Mean High Water (MHW), which is the average high tide level calculated from sev-
eral years of observations. MHW serves as a reference level around which individ-
ual high tides fluctuate due to the regular spring-neap cycle (BSH, 2025b). Based on
this reference, storm surges along the German Bight coastline are defined according
to their intensity: water levels exceeding 1.5 m above MHW are considered storm
surges, those above 2.5 m are severe storm surges, and those exceeding 3.5 m are
classified as very severe storm surges (Fig. 1.2) (BSH, 2025a).

Figure 1.2: Simplified representation of storm surge thresholds for the German Bight.
Adapted from BSH (2024).
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1.3 primary drivers of storm surges

Storm surges in the German Bight only develop when storm events coincide with
high tide. Under these conditions, the height of the surge depends on several inter-
acting factors – such as wind speed and direction, atmospheric pressure, external
surges, and coastal geometry – which together control how much water is pushed
toward the coast. Hence, research on storm surges in the German Bight necessarily
require an understanding of the governing large-scale atmospheric processes. The
German Bight, together with the wider North Sea, lies within the North Atlantic
storm track. Spanning from the western North Atlantic Ocean into northwestern Eu-
rope, the storm track constitutes the principal pathway for extratropical cyclones and
is associated with high wind speeds (Blender et al., 1997; Dacre et al., 2012). Storm
surges in the German Bight are closely linked to the position, intensity and frequency
of extratropical cyclones traveling along this track. The location of the storm track is
not stationary. It undergoes meridional and zonal shifts in response to modes of cli-
mate variability, especially the North Atlantic Oscillation (NAO) (Hurrell et al., 2003).

The NAO describes variations in the sea-level pressure gradient between the Ice-
landic Low and the Azores High, commonly expressed through the NAO index. A
positive NAO phase reflects an enhanced pressure gradient, characterized by a deep-
ened Icelandic Low and a strengthened Azores High. Under NAO+ conditions, the
storm track shifts northward, while stronger and more persistent westerly winds pre-
vail over Northern Europe (Hurrell and Deser, 2010; Hurrell et al., 2003; Mathis et al.,
2015; Wakelin et al., 2003). These westerly winds are a key driver for elevated water
levels in the German Bight, as their persistent occurrence pushes water masses into
the shallow, funnel-shaped southeastern part of the North Sea (Fig. 1.1). Conversely,
a negative NAO phase is characterized by a weakened pressure gradient, with the
storm track shifting southward and westerly winds over Northern Europe becoming
weaker (Hurrell and Deser, 2010; Hurrell et al., 2003; Wakelin et al., 2003).

Extratropical cyclones traveling along the North Atlantic storm track are primary
drivers of extreme storm surges in the German Bight. They can form locally from
small atmospheric disturbances, such as weak lows, or originate as tropical cyclones
in the subtropics and transform as they move north into cooler regions. Their inten-
sification is driven by strong temperature contrasts between air masses, which are
typically found along the polar jet stream – a fast upper-level current that guides
cyclones along the storm track. The impact of extratropical cyclones and their asso-
ciated high wind speeds on storm surges in the German Bight depends primarily
on the cyclones’ trajectory, as this determines the direction and intensity of the wind
forcing (Gerber et al., 2016). In particular, strong westerly to northwesterly winds
over the North Sea region, often associated with cyclones passing over Scandinavia,
are the most effective drivers for storm surges in the German Bight (Meyer and
Gaslikova, 2024). In addition to generating high winds, these extratropical cyclones
are low-pressure systems, which cause an extra rise in sea level through the inverse
barometer effect: as atmospheric pressure drops, the weight of the air on the sea sur-
face decreases, allowing the water level to rise (Böhme et al., 2023; Koopmann, 1962).
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Another important contributor to extreme water levels along the North Sea Coast
are external surges. These originate from storms over the North Atlantic and are
amplified as they propagate onto the continental shelf. They can raise sea levels by
over one meter along the British, Dutch and German coasts (Böhme et al., 2023).
When they coincide with locally generated surges, the combined effect can produce
extreme water levels. In the German Bight, for instance, their average contribution
during storm surges is about 50 cm (Böhme et al., 2023).

The primary drivers of storm surges in the German Bight operate across multiple
scales. They range from the position, intensity, and frequency of extratropical cy-
clones traveling along the North Atlantic storm track to the orientation of local wind
conditions, both shaped by modes of climate variability. The local geography of
the German Bight further modulates the magnitude of surge events, while exter-
nal surges highlight the interplay between remote and local processes in generating
extreme water levels. Understanding storm surges in this region therefore requires a
holistic perspective that links large-scale atmospheric variability with regional mete-
orology and coastal dynamics. This also includes the fact that storm surges only de-
velop when storm conditions coincide with high tide. Looking ahead, future storm
surge heights in the German Bight will depend on how these interacting drivers
evolve under climate change, apart from the overarching influence of sea-level rise.

1.4 storm surges and their drivers in a changing climate

Climate change is expected to increase the frequency and severity of extreme events,
including extreme sea levels driven by storm surges (Bernier et al., 2024; Dangendorf
et al., 2025). This is of particular concern for low-lying coastal regions, with the Ger-
man Bight coastline being one of them. Therefore, developing robust projections of
future storm surge heights is essential, as they provide the scientific basis for coastal
risk management, adaptation strategies, spatial planning and the design of resilient
infrastructure in this region (Bernier et al., 2024). A central aspect of these projections
is the influence of large-scale atmospheric patterns, which are expected to change un-
der global warming (Bernier et al., 2024).

In the German Bight, storm surges are predominantly induced by extra-tropical cy-
clones, which, depending on their trajectory, can generate strong westerly and north-
westerly winds over the North Sea. These winds act as the main drivers of surge
events. Consequently, projected changes in cyclone frequency, intensity and tracks
are central to any assessment of future storm surge heights. Numerous studies have
investigated how climate change may affect storms and storm tracks over the North
Atlantic (e.g. Harvey et al., 2020, 2014, 2015; Lee et al., 2021; Lehmann et al., 2014;
Priestley and Catto, 2022). According to the IPCC’s 6th assessment report, multi-
model analyses indicate that the total number of cyclones over the North Atlantic
is projected to decrease by the end of the century (Priestley and Catto, 2022; Senevi-
ratne et al., 2021). Despite the overall decrease in cyclone numbers, the frequency
of intense cyclones affecting Northern Europe during winter is projected to increase
(Priestley and Catto, 2022; Seneviratne et al., 2021). During the Northern Hemisphere
winter, the North Atlantic storm track is expected to strengthen and extend further
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into Europe, accompanied by a reduction in cyclone activity over the Mediterranean
(Harvey et al., 2020; Priestley and Catto, 2022; Seneviratne et al., 2021). In contrast,
during the summer months, storm track density is projected to decline across North-
ern Europe, leading to reduced cyclone activity (Priestley and Catto, 2022). These
global-warming-induced changes are most pronounced under higher emission sce-
narios (Harvey et al., 2020; Priestley and Catto, 2022). Even minor shifts may trigger
substantial changes in the frequency and intensity of extreme events at particular
locations (Seneviratne et al., 2021). This is particularly relevant for the German Bight,
where winds from extra-tropical cyclones largely control storm surge magnitudes.
Recent studies provide consistent evidence that rising greenhouse gas concentrations
may alter both the frequency and intensity of wind regimes, with direct implications
for storm surge characteristics in the German Bight. For instance, Schade et al. (2025)
project a higher frequency of westerly wind patterns over the North Sea toward the
end of the century. Moreover, Krieger and Weisse (2025) report an increasing fre-
quency of northwesterly winds over the German Bight, both developments enhanc-
ing the occurrence of storm surge events. Krieger and Weisse (2025) further indicate
that the most extreme storms in the region may become both stronger and more fre-
quent under future climate conditions. In addition, Ortega et al. (2025) highlight an
increasing frequency and intensity of westerly winds over the German Bight during
the winter months, potentially associated with a predominance of the positive NAO
phase. This is in line with Mitevski et al. (2025), who show that under higher CO2

concentrations the NAO is projected to shift toward more positive and less variable
phases, in both winter and summer. Such a shift includes more frequent extreme
NAO+ events and a decline in extreme NAO- events, particularly in winter. These
changes ultimately promote stronger and more frequent westerly winds across Eu-
rope and the North Atlantic (Mitevski et al., 2025).

Although future changes in wind conditions have been widely studied, few investi-
gations address how these changes translate into storm surge heights, leaving com-
prehensive surge projections limited (Bernier et al., 2024). Nevertheless, existing ap-
proaches rely on future projections from global or regional climate models. For in-
stance, using a regionally coupled climate system model, Lang and Mikolajewicz
(2020) report an increased frequency, height and duration of storm surges in the Ger-
man Bight under rising CO2 conditions, even without accounting for mean sea-level
rise. They explain these findings by enhanced storm track activity combined with
more extreme westerly winds over the region. These results are later supported by
Mayer et al. (2022), who, using a dynamically downscaled global single model en-
semble, investigate climate-induced changes in height, duration and frequency of
storm surges in the German Bight. Their analysis confirms that storm surge charac-
teristics are projected to intensify toward the end of the century, resulting in a higher
frequency of storm surge events. Recent work by Irazoqui Apecechea et al. (2025),
conducted in parallel to this dissertation, presents a hybrid statistical downscaling
model that uses a large ensemble of climate model simulations to project future ex-
treme storm surges across Europe. In contrast to the aforementioned studies, they
find no robust change in storm surge intensity for the southern North Sea by 2100.
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While wind-driven water level elevations that coincide with high tide contribute sub-
stantially to extreme coastal water levels, they only represent one component of the
overall picture. Another critical factor, however, is the ongoing and long-term rise in
mean sea level. It is well established that global mean sea level is rising as a result
of global warming, primarily due to a combination of ice melting and thermal ex-
pansion. Regionally, changes in sea level have historically been the main driver for
variations in extreme sea levels, as observed across the global tide gauge network
during the 20th century (Fox-Kemper et al., 2021). Looking ahead, the IPCC’s 6th
assessment report highlights that sea-level rise is projected to remain the dominant
factor behind the substantial increase in the frequency of extreme sea levels through-
out the next century (Fox-Kemper et al., 2021). Given the accelerating rise in sea level
in the North Sea (Steffelbauer et al., 2022), the storm intensity required to reach crit-
ical flood levels is reduced, meaning that even moderate storm events may pose a
significant risk. Consequently, assessments of future coastal hazards and the design
of adaptation measures must account for changes in both wind conditions and mean
sea level simultaneously.

In summary, recent research shows substantial progress in examining climate change-
induced changes to the North Atlantic storm track and wind conditions over the
North Sea. These developments suggest shifts in the frequency and intensity of
storm surges in the German Bight. However, challenges remain in translating these
projected changes in wind conditions into corresponding storm surge heights. As a
result, the number of available surge projections remains limited. Moreover, incorpo-
rating sea-level rise into surge projections is crucial, since it raises the baseline for
storm surges, making even moderate storm events more dangerous, yet this remains
an open issue. The limited availability of storm surge projections and the lack of
sea-level rise inclusion, highlight the need for further research.

1.5 storm surge modeling : applications and limitations

The German Bight has long been a focus of storm surge research, with approaches
ranging from hydrodynamic models to statistical methods and, more recently, ma-
chine learning (e.g., Befort et al., 2015; Dangendorf et al., 2014; Harter et al., 2024;
Jensen et al., 2013; Krieger et al., 2025; Lang and Mikolajewicz, 2020; Mayer et al.,
2022; Müller-Navarra and Giese, 1999; Müller-Navarra et al., 2003; Niehüser et al.,
2018). For both, previous studies and in this dissertation, Cuxhaven, a city located
centrally along the German Bight coast (Fig. 1.1) often serves as a proxy for the
entire German Bight. Cuxhaven plays a crucial role for Hamburg, as storm surge
heights observed there provide an early indication of how high the surge could be
in Hamburg several hours later. Moreover, Cuxhaven has an extensive historical tide
gauge record, offering important data for the analysis and modeling of storm surges.

Hydrodynamic models are the most advanced and reliable tools for translating atmo-
spheric forcing into surge estimates. They are capable of reproducing the complex
physical processes that drive coastal water level extremes and can provide detailed
simulations of surge events. However, this strength comes at a cost: they require
extensive input data and significant computational resources, especially for large do-
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Figure 1.3: Simplified schematic of the skew surge. Adapted from Williams et al. (2016).

mains or high-resolution studies. These limitations reduce their suitability for long-
term climate projections, where multiple simulations are necessary, highlighting the
need for simpler, more efficient approaches.

Statistical methods provide a practical alternative to hydrodynamical modeling. In
this context, a useful metric for storm surge research in the German Bight is the skew
surge (Williams et al., 2016). It is defined as the difference between the observed wa-
ter level and the expected astronomical high water, independent of the time (Fig. 1.3).
This measure effectively removes the tidal component, highlighting the meteorolog-
ical contribution to surges. One common statistical approach to predict skew surges
is multiple linear regression, which requires suitable variables as input, referred to
as predictors. Early work by Müller-Navarra and Giese (1999) incorporates a range
of predictors to capture the main drivers of skew surges, including wind speed and
direction, air and sea surface temperature, air pressure and its three-hourly change,
water levels at Wick on the Scottish east coast 12 hours earlier, and the immediately
preceding low and high water levels at Cuxhaven. This results in an empirical model
with 14 basic functions capable of reproducing skew surge height at Cuxhaven. Sub-
sequent studies refined this approach by, for example, excluding external surges
to focus on atmospheric forcing (Dangendorf et al., 2014), reconstructing historical
surges (Dangendorf et al., 2014; Jensen et al., 2013), or adjusting predictor locations
and time lags (Niehüser et al., 2018). Despite these variations, the statistical models
consistently show comparable predictive skill. While they offer valuable insights, the
statistical models are comparatively complex due to the large number of location-
or region-specific input variables they require. These models are primarily designed
for detailed, event-specific storm surge prediction where such tailored inputs are es-
sential. In this dissertation, however, the focus is on projecting future storm surge
heights rather than predicting individual events. Consequently, these models are not
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well suited for use with climate projection data, where only a few variables are avail-
able. In addition, climate projection data are provided at a coarse spatial resolution,
which further limits the usefulness of the above mentioned statistical modeling ap-
proaches for assessing future storm surge heights. In order to incorporate necessary
climate projection data, a less complex statistical model is needed.

Another statistical method and useful proxy for assessing storm surge conditions in
the German Bight is the effective wind. The effective wind consists of wind speed
and direction, reflecting the wind contribution most favorable for generating storm
surges at a given location (Jensen et al., 2006; Müller-Navarra et al., 2003). Based on
a regression analysis, for Cuxhaven the effective wind corresponds to the fraction
of the 10 m wind blowing from 295°. This direction was empirically determined to
be the one causing the strongest wind-induced increases in water levels in the Ger-
man Bight (Jensen et al., 2006; Müller-Navarra et al., 2003). When averaged over the
region, the effective wind thus provides a quantitative measure of the wind contri-
bution to surge development and serves as an indicator of the storm surge potential
of a given weather situation (Jensen et al., 2006). Different studies further demon-
strate that combining the effective wind with a storm tracking algorithm improves
the identification of storm surge events compared to relying on the effective wind
alone (Befort et al., 2015; Ganske et al., 2018).

In addition to statistical models, neural networks have been applied to storm surge
reconstruction, providing a flexible alternative capable of capturing more complex,
nonlinear relationships. A comparison by Harter et al. (2024) shows that statistical
models using multiple linear regression and neural networks demonstrate compa-
rable overall performance and share a common tendency to underestimate extreme
events. Neural networks can, however, reconstruct surges even when local wind data
are missing by learning from large-scale sea level pressure patterns (Harter et al.,
2024). Neural networks are effective at capturing complex, nonlinear relationships,
but they are also far more complex than traditional statistical models and operate
as "black boxes", making it difficult to interpret how input variables influence pre-
dictions. In contrast, statistical models based on multiple linear regression require
less data and are computationally efficient. Moreover, they provide a simple, trans-
parent framework, where the contribution and significance of each predictor to the
outcome can be clearly understood and quantified. This interpretability is crucial for
understanding causal mechanisms and communicating results.

1.6 how my research fits in

Previous research has advanced our understanding of projected changes in the key
drivers of storm surges in the German Bight. In particular, studies highlight shifts
in wind conditions over the North Sea and changes in the characteristics of extra-
tropical cyclones along the North Atlantic storm track. However, relatively few stud-
ies have translated such atmospheric changes directly into projections of future storm
surge heights. Existing analyses for the German Bight rely on a single emission sce-
nario (Irazoqui Apecechea et al., 2025; Mayer et al., 2022) or are based on a single
climate model (Lang and Mikolajewicz, 2020; Mayer et al., 2022). This limits the ro-
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bustness of the results and makes it difficult to assess the range of possible outcomes.
To strengthen confidence in future projections, it is essential to use multi-model en-
sembles, which account for uncertainties in climate projections. Equally important is
the consideration of a broader range of climate change emission scenarios, as they
represent a range of possible futures and form a crucial basis for assessing future
coastal risk. However, projecting storm surge heights in the German Bight under
different climate change emission scenarios using multi-model ensembles remains
a challenge. Applying a hybrid statistical downscaling model to climate projections,
Irazoqui Apecechea et al. (2025) find large disagreement among climate models re-
garding potential changes in storm surge intensity in the southern North Sea. These
results underscore the need for region-specific models or methods applicable to cli-
mate projections to better capture local storm surge dynamics in the southern North
Sea. Additionally, while it is well established that sea-level rise raises the baseline
for storm surges, its explicit incorporation into surge projections remains a key chal-
lenge that has not yet been addressed.

Against this background, and motivated by the need to understand how storm surge
heights in the German Bight may change under different climate pathways, the over-
arching research question guiding this work is:

How will climate change affect storm surge risk in the German Bight?

Answering the research question using a multi-model ensemble of climate simula-
tions presents methodological challenges. Most statistical storm surge models avail-
able for the German Bight are designed for detailed, event-specific storm surge
prediction and require numerous input variables for very specific locations or re-
gions (Dangendorf et al., 2014; Jensen et al., 2013; Müller-Navarra and Giese, 1999;
Niehüser et al., 2018). Consequently, they are not suitable for use with climate pro-
jection data, as climate models operate at coarse spatial resolution and provide only
a limited number of variables. This leaves a key challenge unaddressed: the devel-
opment of a storm surge model that can work with such sparse input. This gap
motivates the development of a simple statistical storm surge model for the German
Bight that relies on a single variable and can be applied to climate projections. In this
dissertation, I focus on statistical modeling approaches rather than hydrodynamic or
machine learning methods, as they offer a simpler, more practical, and computation-
ally efficient pathway. Given that wind is the primary driver of storm surges in the
German Bight, and that corresponding data is consistently available from climate
model simulations, I aim to first address the following research question:

1. How well can a simple wind-based regression model predict storm surges in
the German Bight?

In Paper A (Chapter 2; Schaffer et al., 2025), I develop a statistical storm surge model
for the German Bight using a multiple linear regression approach with wind-based
predictors. The aim is to provide a simple and climate-projection-suitable alterna-
tive to existing statistical models. The statistical model is based on the concept of
the effective wind. At any point in the North Sea, the effective wind is defined as
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the fraction of the wind from directions most favorable for generating surges in the
German Bight. These effective wind values serve as predictors at multiple locations
and lead times within the North Sea region, thereby capturing both the temporal
and spatial evolution of storm systems. To ensure robustness and avoid overfitting, I
employ a regularization method in the regression, allowing the model to objectively
select the most relevant predictors to improve prediction accuracy while maintaining
simplicity. Trained and validated against long tide gauge records from Cuxhaven, the
model achieves predictive skill comparable to more complex statistical approaches,
despite its simplicity.

Encouraged by the model’s strong performance and its applicability to climate pro-
jections, I aim to answer the following research questions:

2. How will future storm surge heights in the German Bight evolve solely due
to potential changes in wind patterns, based on a multi-model assessment?

3. How will the combined effect of future wind-driven changes in storm surge
heights and projected sea-level rise impact extreme water levels in the Ger-
man Bight?

In Paper B (Chapter 3; Schaffer et al., in prep.), I investigate future storm surge
heights in the German Bight by applying the statistical storm surge model devel-
oped in Paper A to wind data from a multi-model ensemble from the sixth phase of
the Coupled Model Intercomparison Project (CMIP6) under three different emission
scenarios. I analyze how changes in large-scale atmospheric conditions may influ-
ence the frequency and height of storm surges during winter (December-February,
DJF) and summer (June-August, JJA). Additionally, I combine projected wind-driven
surges with sea-level rise projections for Cuxhaven to estimate future winter coastal
water levels at high tide.
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2
W I N D - B A S E D S T O R M S U R G E P R E D I C T I O N : A S I M P L E
S TAT I S T I C A L M O D E L

Projecting storm surge heights in the German Bight is of major importance in the
context of climate change, as potential shifts in the atmospheric drivers could signif-
icantly intensify coastal hazards. Existing statistical approaches for modeling storm
surges in the region often rely on large numbers of location-specific input variables
and are typically based only on observational data or atmospheric reanalysis. De-
veloped for detailed, event-specific storm surge prediction, these approaches offer
valuable insights but are too complex to be applied directly to climate projection
data. To overcome this gap, there is a clear need for robust statistical storm surge
models that are applicable to climate model outputs, thereby enabling projections of
future storm surge heights in the German Bight. In Paper A, I therefore develop a
wind-based statistical storm surge model for the German Bight, incorporating regu-
larization techniques to simplify the model. The study thus addresses the following
research question:

How well can a simple wind-based regression model predict storm surges in the
German Bight?

2.1 model development and training framework

The statistical storm surge model developed in Paper A is set up for the tide gauge
station at Cuxhaven, which provides a long-term and reliable observational record
representative of storm surge conditions in the German Bight. I develop the model
using the multiple linear regression approach. For this, both a target variable and
a predictor variable are required. In the following, I describe the target variable in
detail. Given that the skew surge in Cuxhaven serves as an useful metric for storm
surge research (Sect. 1.5), I select it as the target variable. Since the focus lies on storm
surge conditions, I only consider positive skew surges during high tide. To determine
an appropriate training subsample, I test several thresholds as the lower boundary
for defining the subsample ranging from a skew surge of 50 cm to 150 cm and ulti-
mately select a threshold of 80 cm. This choice is based on three findings, which are
elaborated in Paper A: (1) model performance does not differ significantly from other
thresholds, (2) the selected threshold provides a sufficient large dataset for efficient
model training, and (3) it ensures a satisfactory representation of extreme events. The
resulting skew surge distribution is not normally distributed. Since multiple linear
regression performs best when the target variable is close to a normal distribution, I
apply a logarithmic transformation to normalize the data. Consequently, the model
is trained using log-transformed skew surge values of greater than or equal to 80 cm
as the target variable.

15



12h

10h

11h
9h

8h

7h6h

5h

4h

3h
1h/2h

12h

10h

11h
9h

8h

7h6h

5h

4h

3h
1h/2h

(a)

(b)

Figure 2.1: Predictor locations across the North Sea for high water skew surge events ⩾ 80 cm.
(a) Red crosses mark the selected grid cells, with the corresponding lead times (in
hours) indicated above each location. (b) Grid cells retained after applying the
elastic net regression, with non-selected grid cells shown in a faded background.
Adapted from Paper A Fig. A.3.

As the predictor variable, I use the effective wind (Sect. 1.5), as wind has proven
to be the primary driver of storm surges in the German Bight. To derive this vari-
able, I identify the wind direction most relevant for generating high water skew
surges at or above the 80 cm training threshold. I determine this wind direction sep-
arately for every grid cell in the North Sea region (longitudes -5 to 10.5°E, latitudes
51 to 59°N) using hourly wind data from the European Centre for Medium-Range
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Weather Forecasts Reanalysis version 5 (ERA5; Hersbach et al., 2020) for the period
1959-2022. By projecting the actual wind components onto the corresponding rele-
vant wind directions, I obtain the effective wind for each grid cell within the North
Sea region in hourly resolution for the same period. Before training the statistical
model, I first identify the most relevant predictor locations across the North Sea re-
gion. Thus, unlike static predictor approaches (Dangendorf et al., 2014; Jensen et al.,
2013; Müller-Navarra and Giese, 1999), I apply the method of non-static predictors,
accounting for temporal and spatial variations in the wind forcing. This method only
considers predictor locations relevant to the observed skew surge variability in Cux-
haven. To identify these locations, I use effective wind data up to 12 hours before the
skew surge events. At each lead time, I select the grid cell across the entire North Sea
region that is most strongly associated with skew surge events during high tide of at
least 80 cm in Cuxhaven (details are provided in Paper A). The temporal evolution of
the selected grid cells follows a clear northwest-to-southeast progression (Fig. 2.1 a).
This pattern aligns with typical storm situations driving storm surges in the German
Bight. The effective wind values at these specific grid cells, together with their corre-
sponding lead times, serve as predictors in the statistical model.

Subsequently, I perform multiple linear regression to relate the selected predictors to
observed high water skew surges greater or equal to 80 cm in Cuxhaven. To reduce
model complexity and improve robustness, I incorporate regularization techniques,
which prevent overfitting and enhance the model’s reliability. Among the three reg-
ularization methods tested, I select the elastic net regression (Zou and Hastie, 2005)
which combines the advantages of the other approaches. Elastic net regression si-
multaneously shrinks coefficients and eliminates irrelevant predictors, resulting in a
simple model. The outcome is a statistical storm surge model comprising only five
terms: the squared effective wind in certain grid cells (Fig. 2.1 b) at four lead times
(12, 6, 2 and 1 hour prior to the skew surge event) as robust predictors, along with
an intercept.

2.2 model performance

To verify the storm surge model, I apply it to predict all high water skew surge
events in Cuxhaven from 1959 to 2022. This also includes events below the 80 cm
training threshold, enabling an assessment of the model’s capability to predict skew
surge events on which it was not trained. The model is trained on all years (high wa-
ter skew surge ⩾ 80 cm) except the one being predicted. For example, to predict the
skew surges in the year 2000, the statistical model is trained using all high water skew
surge values ⩾ 80 cm from the years 1959-1999 and 2001-2022. This procedure is re-
peated for each year from 1959-2022. A comparison between observed and predicted
skew surges shows a strong correlation of 0.867 and an R² of 0.751, indicating good
overall model performance (Fig. 2.2 a). However, the model tends to overestimate
events with observed surges below 80 cm and underestimate those with observed
surges exceeding 150 cm. The underestimation of extreme surges is likely related to
the limited number of extreme events in the dataset, whereas the overestimation of
low or negative skew surges results from training the model on logarithmic values.
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Figure 2.2: Scatter plots comparing observed and predicted skew surge heights from 1959 to
2022 before (a) and after (b) applying quantile mapping bias correction. The black
diagonal line indicates perfect agreement between observed and predicted skew
surges. The model is trained on events with high water skew surges ⩾ 80 cm using
elastic net regularization, excluding the year being predicted from the training.
Taken from Paper A Fig. A.7.

This arises from the fact that logarithmic functions are only defined for positive real
numbers. To correct this bias, I apply a quantile mapping technique following Can-
non et al. (2015) to align the distributions of predicted and observed skew surges. Af-
ter applying the bias correction, the correlation and R² values improve to 0.882 and
0.778, respectively (Fig. 2.2 b). The quantile mapping method successfully reduces
both the overestimation of lower surges and the underestimation of higher surges,
resulting in improved agreement with the observed surges. Despite its simplicity, the
storm surge model achieves predictive skill comparable to the more complex statisti-
cal models developed in previous studies (Dangendorf et al., 2014; Jensen et al., 2013;
Niehüser et al., 2018).

To assess the storm surge model’s ability to predict extreme storm surge events,
it is useful to perform a classification evaluation at two thresholds defined by the
BSH: ⩾ 150 cm for a storm surge and ⩾ 250 cm for a severe storm surge (Sect. 1.2).
Using the model predictions, I construct a contingency table with true positives, false
positives and false negatives to calculate precision and recall. Precision tells us how
many of the predicted events were actually correct, whereas recall tells us how many
of the real events the model managed to detect. Subsequently, I calculate the F1

Score, which balances these two metrics to provide an overall measure of predictive
performance. The F1 Score has its best value at 1 (perfect precision and recall) and
its worst at 0 (Sect. A.6.2.2). After applying bias correction, the F1 Score improves
to 0.677 and 0.792 for the 150 cm and 250 cm thresholds, respectively, compared
to 0.64 and 0.387 before correction (Fig. 2.2). These results indicate excellent model
performance, particularly for larger skew surges, although the small sample size for
events ⩾ 250 cm introduces higher uncertainty. Overall, the analysis highlights that
bias correction enhances the model’s ability to predict extreme events, improving
both precision and recall.
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Figure 2.3: Time series of observed and bias-corrected predicted skew surges from 1959 to
2022, shown for the full period (a) and for a detailed view of 1976 (b), which in-
cludes the highest storm surge ever measured in Cuxhaven. The model is trained
on events with high water skew surges ⩾ 80 cm using elastic net regulariza-
tion, excluding the year being predicted from the training. Taken from Paper A
Fig. A.8.

In contrast to other studies, which often underestimate extreme surges (Dangen-
dorf et al., 2014; Müller-Navarra and Giese, 1999; Niehüser et al., 2018), the statistical
storm surge model captures these events while remaining remarkably simple. Its pre-
dictive skill aligns closely with northwesterly wind conditions, the primary driver of
severe storm surges in the German Bight (Gerber et al., 2016). The majority of se-
vere events caused by northwest-type weather patterns, such as the storm surges
in February 1962 and late January 1976 (Gerber et al., 2016), are well reproduced
(Fig. 2.3). However, some of the less typical west and southwest-type storm surge
events are predicted with mixed success: the storm surge model successfully cap-
tures the storm surge of early January 1976, but underestimates the event of Febru-
ary 2022 (Fig. 2.3). The underestimation is primarily due to low effective winds in the
northwestern North Sea and the pre-filling of the basin by previous storms (Mühr
et al., 2022), which amplified the observed surge. Nevertheless, even in this case, the
predicted skew surge exceeds 150 cm (Fig. 2.3 a), meeting the operational warning
threshold. Furthermore, external surges from North Atlantic low-pressure systems
can additionally elevate water levels. Their combined occurrence with storm surges,
as in February 1962 and December 2013 (Böhme et al., 2023), explains the residual
underestimation. Importantly, for these events, the storm surge model predicted a
skew surge of more than 150 cm in December 2013 and over 250 cm in February
1962 (Fig. 2.3 a), successfully reaching operational storm surge and severe storm
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surge warning thresholds. Despite the aforementioned limitations, the model shows
strong performance in predicting both moderate and extreme storm surges in the
German Bight.

2.3 answering the research question

The main findings of Paper A show that a simple, purely wind-based statistical
model can reliably predict storm surges in the German Bight using only effective
wind as input. Through systematic testing of predictor locations, training thresholds,
and regularization methods, the final model comprises just five terms – squared ef-
fective wind values at four lead times and an intercept. Despite its simplicity, the
statistical model achieves predictive skill comparable to more complex approaches
and performs particularly well for extreme storm surges (⩾ 250 cm). The results
emphasize the dominant influence of westerly and northwesterly winds on storm
surge generation in the German Bight. Due to its minimal input requirements and
computational efficiency, the statistical storm surge model is a valuable tool to inves-
tigate future storm surge heights using data from climate projections. Encouraged
by the statistical model’s suitability and predictive accuracy, in the following I apply
it to climate projection data to estimate storm surge heights under changing climate
conditions (Chapter 3).
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3
W I N D - D R I V E N S T O R M S U R G E S A N D T H E I R I N T E R A C T I O N
W I T H S E A - L E V E L R I S E I N A C H A N G I N G C L I M AT E

Projecting storm surge heights in the German Bight is crucial for effective coastal
management and long-term adaptation planning under changing climate conditions.
Owing to methodological limitations, existing projections of wind-driven storm surge
heights for the German Bight rely on a single model or scenario (Irazoqui Apecechea
et al., 2025; Lang and Mikolajewicz, 2020; Mayer et al., 2022). So far, no multi-model
assessment of storm surge heights in the German Bight has been conducted across
different climate change scenarios, nor has any study incorporated the accelerating
rise in sea level in the North Sea (Steffelbauer et al., 2022), which elevates the storm
surge baseline. A multi-model approach is essential in this context, as it accounts for
uncertainties arising from differences in model structure, individual model biases,
and climate sensitivity. Moreover, considering multiple future scenarios captures the
range of possible socio-economic and emission pathways that shape future climate
conditions. Addressing this gap, in Paper B I employ a CMIP6 multi-model ensem-
ble in combination with the statistical storm surge model developed in Paper A
to estimate future storm surge heights in the German Bight. I select the climate
models based on two criteria: the availability of three-hourly wind data for both
historical and scenario simulations, and the use of identical realizations across his-
torical and future periods. This selection results in nine different climate models with
in total 25 ensemble members. From the available Shared Socioeconomic Pathways
(SSPs; O’Neill et al., 2016), I consider three scenarios representing moderate (SSP2-
4.5; middle-of-the-road), high (SSP3-7.0, regional rivalry), and very high (SSP5-8.5;
fossil fuel-rich development) emission futures. This framework forms the basis for
addressing the following research question:

How will future storm surge heights in the German Bight evolve solely due to
potential changes in wind patterns, based on a multi-model assessment?

To address the gap in incorporating sea-level rise into storm surge projections, I use
sea-level rise projections for Cuxhaven under the three selected emission scenarios.
These projections are based on the newly developed dataset by Jensen et al. (2025).
This dataset integrates IPCC projections of total sea-level change (Garner et al., 2022)
with a high-resolution land elevation model for Fennoscandia (Vestøl et al., 2019),
resulting in an optimized set of relative sea-level projections for the North and Baltic
Sea regions. By combining these sea-level projections with the wind-driven surge
projections from the aforementioned multi-model assessment, I aim to answer the
following research question:

How will the combined effect of future wind-driven changes in storm surge heights
and projected sea-level rise impact extreme water levels in the German Bight?
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3.1 projected wind-driven surge risk

The statistical storm surge model I developed in Paper A is based on hourly data,
while climate model outputs are typically available in only three-hourly or even
coarser temporal resolution. To overcome this difference in temporal resolution, I
re-trained the statistical storm surge model using three-hourly instantaneous ERA5

reanalysis data from 1959 to 2022, following the same statistical approach as the origi-
nal. The updated statistical model demonstrates comparable performance, achieving
a high correlation of 0.88 with only two predictors: squared effective wind speeds
at two locations within the North Sea (with 12-hour and 3-hour lead times) along
with an intercept (Fig. 3.1). Subsequently, I apply the revised statistical storm surge
model to climate projections using the corresponding historical and future effective
wind data. To account for the differing spatial resolutions of the climate models, I
select the grid cells nearest to the original predictor locations in the North Sea. This
approach yields wind surge projections for Cuxhaven under the SSP2-4.5, SSP3-7.0,
and SSP5-8.5 scenarios, representing the wind-driven component of coastal water el-
evation during high tide. As tidal data are not included in climate models, I compute
wind surges independently at three-hour intervals.

12h

9h
6h

3h

Figure 3.1: Predictor locations of the statistical storm surge model trained on three-hourly
data for high water skew surges (⩾ 80 cm) across the North Sea. Red crosses
mark grid cells retained after elastic net regression, with lead times (in hours)
shown above each location and non-selected grid cells shown faded. Taken from
Paper B Fig. S1.

Focusing exclusively on positive wind surges, Figure 3.2 shows the frequency of
such events for the end of the historical period (1985-2014) and the projections for
the late 21st century (2071-2100). I find a significant increase in positive winter wind
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surge events across all SSP scenarios (Fig. 3.2 a, b). This includes events exceeding
the 150 cm threshold that are classified as storm surges by the BSH if they coincide
with tidal high water. Under the SSP5-8.5 emission scenario I find an increase in
the frequency of potential storm surge situations of more than 10% (Fig. 3.2 b). In
contrast, summer projections show a significant decline in positive wind surge events,
which intensifies with higher forcing levels (Fig. 3.2 c, d).

0
50

100
150
200
250
300
350
400
450

Ev
en

ts
 p

er
 y

ea
r

(a)

* * * * * ** * * * * ** * * * * *

Historical (1985 - 2014)
SSP2-4.5 (2071 - 2100)
SSP3-7.0 (2071 - 2100)
SSP5-8.5 (2071 - 2100)

0
50

100
150
200
250
300
350
400
450

Ev
en

ts
 p

er
 y

ea
r

(c)

* * * * ** * * * ** * * * * *

Historical (1985 - 2014)
SSP2-4.5 (2071 - 2100)
SSP3-7.0 (2071 - 2100)
SSP5-8.5 (2071 - 2100)

0.
0

30
.0

60
.0

90
.0

12
0.

0

15
0.

0

Wind surge [cm]

-50
-40
-30
-20
-10

0
10
20
30

Re
la

tiv
e 

ch
an

ge
 [%

] (b)

SSP2-4.5 (2071 - 2100)
SSP3-7.0 (2071 - 2100)
SSP5-8.5 (2071 - 2100)

0.
0

30
.0

60
.0

90
.0

12
0.

0

15
0.

0

Wind surge [cm]

-50
-40
-30
-20
-10

0
10
20
30

Re
la

tiv
e 

ch
an

ge
 [%

] (d) SSP2-4.5 (2071 - 2100)
SSP3-7.0 (2071 - 2100)
SSP5-8.5 (2071 - 2100)

Figure 3.2: Top panel: Annual counts of positive wind surge events in 30 cm bins from
the statistical storm surge model applied to the CMIP6 multi-model ensemble.
Results are shown for winter (DJF, a) and summer (JJA, c) during the histori-
cal period (1985-2014; gray) and for the late century (2071-2100; reddish) under
different SSP scenarios. Vertical error bars indicate ensemble spread; stars mark
statistically significant changes compared to the historical period. Bottom panel:
Projected changes in frequency by bin relative to the historical period for winter
(b) and summer (d). Taken from Paper B Fig. B.1.

Building on the previous analysis of wind surge frequency, I explore the physical
processes driving these projected changes. I focus on the SSP5-8.5 emission scenario,
which shows the strongest increases in winter wind surge frequency. In order to
capture the local atmospheric conditions leading to storm surge events (wind surge
⩾ 150 cm), I analyze the mean wind conditions 12 and 3 hours before their onset, as
these lead times correspond to the predictor variables used in the statistical storm
surge model. For the historical period (1985-2014), I calculate the mean wind con-
ditions from a total of 11,841 storm surge events. For the end of the century under
the SSP5-8.5 (2071-2100) scenario, I compute the mean wind conditions from 13,007

storm surge events. Compared to the historical period, when storm surge events
were preceded by strong westerly winds 12 hours before and intensified northwest-
erly winds shortly before the peak, future projections show significant alterations in
wind patterns and strength. Under SSP5-8.5, wind speeds increase significantly over
the southern North Sea both 12 and 3 hours prior to potential storm surge events,
while they decrease to the north and south of this region (Fig. 3.3 a, b). Moreover,
the frequency of westerly as well as northwesterly winds, particularly in the German
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(a) (b)
12 hours before wind surge ≥ 150cm 3 hours before wind surge ≥ 150cm 

Figure 3.3: Atmospheric conditions associated with ⩾ 150 cm wind surge in Cuxhaven based
on the CMIP6 multi-model ensemble. White stars mark the grid cells used as
input for the statistical storm surge model. Top panel: Projected changes in wind
speed associated with wind surges ⩾ 150 cm under SSP5-8.5 by 2071-2100 relative
to 1985-2014, shown for 12 (a) and 3 (b) hours before the events. Color shading
indicates wind speed differences; black arrows show historical wind direction,
and red arrows show projected wind direction (both in unit length). Stippling
marks areas with non-significant wind speed changes. Bottom panel: Wind roses
at the locations marked by white stars in the top panel, 12 (c, d) and 3 (e, f) hours
before wind surges ⩾ 150 cm, shown for the historical period (1985-2014) and end
of the century (2071-2100) under SSP5-8.5 scenario. Values indicate event counts.
Adapted from Paper B Fig. B.2.

Bight, rises significantly (Fig. 3.3 c-f). This combination of enhanced wind speeds
and more frequent westerly and northwesterly winds play a central role in driving
the higher occurrence of winter storm surge situations projected by the end of the
century.

In contrast to Irazoqui Apecechea et al. (2025), who apply a hybrid statistical down-
scaling model to a large CMIP6 ensemble to project future extreme storm surges
across Europe, I find robust changes in surge heights for the German Bight. The
region-specific statistical storm surge model developed in Paper A improves agree-
ment among CMIP6 models when applied to climate projections. The projected
change in the frequency of positive wind surges is consistent with previous studies
focusing on the German Bight (Lang and Mikolajewicz, 2020; Mayer et al., 2022), but
using a CMIP6 multi-model ensemble strengthens the robustness of the results. I find
a clear seasonal contrast: winter wind surges are projected to become more frequent,
while summer wind surges are expected to become less frequent. The reason for this
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is mainly due to shifts in wind patterns. In summer, reduced wind speeds (Lang
and Mikolajewicz, 2020), more northerly winds (Lang and Mikolajewicz, 2020), and
a decline in cyclonic activity (Heinrich et al., 2025) contribute to fewer storm surge
events. In winter, more frequent westerly (Heinrich et al., 2025; Mayer et al., 2022;
Schade et al., 2025) and northwesterly winds (Krieger and Weisse, 2025; Ortega et al.,
2025), a pattern also evident in my analysis, likely explain the increased occurrence
of positive wind surge events in the German Bight. In addition, I find that, along-
side changes in the frequency of westerly and northwesterly winds, stronger wind
speeds over the southern North Sea drive higher storm surge frequency in the Ger-
man Bight. These changes are linked to large-scale circulation patterns, particularly
variations in storm tracks and the NAO. An extension of the North Atlantic storm
track into Europe (Harvey et al., 2020; Priestley and Catto, 2022) and an increased
occurrence of positive NAO phases (Mitevski et al., 2025) favor westerly winds and
associated storm surge risk.

3.2 projected extreme water levels : wind-driven surges and sea-level

rise combined

To estimate future coastal water levels in the German Bight, I combine mean sea-
level rise (Jensen et al., 2025) with projected wind-driven surges, focusing on winter
as the main storm surge season. Using the historical mean high water in Cuxhaven
(approximately 650 cm above gauge zero for the period 1995-2014) as a baseline, I
add projections of SLR and wind surges for future scenarios. This approach provides
a first-order estimate of how combined SLR and wind surges could elevate coastal
water levels by the end of the 21st century.

Across all future scenarios, winter high water levels in the German Bight increase sig-
nificantly by the end of the century compared to the historical period (Fig. 3.4). The
frequency of events exceeding today’s 800 cm storm surge threshold – correspond-
ing to MHW (650 cm) plus 150 cm – is projected to rise by a factor of 3, 4 or 5 per
year under SSP2-4.5, SSP3-7.0, and SSP5-8.5, respectively. Severe storm surges above
900 cm could become up to 6 times more frequent per year by the end of the century.
Overall, higher-emission scenarios show stronger increases across most water level
ranges, while lower water levels near the MHW become less frequent due to a rising
sea level. Importantly, Figure 3.4 indicates that, under a changing climate, sea-level
rise is the dominant factor contributing to the increasing frequency of extreme sea
levels, rather than wind-induced water level elevations. This finding is consistent
with the conclusions of the IPCC’s 6th assessment report (Fox-Kemper et al., 2021).

To estimate the combined impact of SLR and projected wind surges on future water
levels in Cuxhaven, I make several simplifying assumptions. Although wind surge
behavior is known to vary with increasing water depth, I follow Sterl et al. (2009) in
assuming a neutral hydrodynamic response to SLR. This assumption allows me to
add SLR linearly to the wind surge projections. Moreover, I use regional SLR pro-
jections for the North and Baltic Seas, selecting the nearest grid cell to represent
Cuxhaven. Finally, I add all results on a constant MHW of 650 cm, even though
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Figure 3.4: Annual counts of winter (DJF) water levels above gauge zero at Cuxhaven for the
historical period (1995-2014; gray) and for the end of the century (2071-2100; red-
dish colors) under different SSP scenarios. Historical water levels combine MHW
(650 cm) and historical wind surges, while future projections include historical
MHW (650 cm), projected wind surges, and projected SLR. Wind surges are de-
rived from the statistical storm surge model applied to the CMIP6 multi-model
ensemble. Water levels are binned in 30 cm intervals from 650–800 cm and 100 cm
intervals from 800–900 cm. Stars mark statistically significant changes; vertical er-
ror bars show ensemble spread. Taken from Paper B Fig. B.3.

it is expected to rise with sea level. As a result, the combination of SLR and pro-
jected wind surges provides a rough estimate of future coastal water levels relative
to present-day MHW and existing storm surge thresholds. Although simplified, this
approach offers a useful first-order approximation of potential coastal water levels
at high tide under climate change.

3.3 answering the research questions

Applying the statistical storm surge model developed in Paper A to a CMIP6 multi-
model ensemble of climate projections, I find a significant increase in the frequency
of positive wind surges during winter, particularly under higher emission scenar-
ios. In contrast, summer wind surge events are projected to decline. Under SSP5-8.5,
the frequency of extreme winter wind surges (⩾ 150 cm) is projected to increase by
about 10% annually by the end of the century. This increase is likely driven by more
frequent westerly and northwesterly winds, combined with stronger wind speeds
over the southern North Sea. These shifts are associated with changes in storm track
patterns and a higher occurrence of positive NAO phases under future climate condi-
tions. By combining projected winter wind surges with sea-level rise, I find substan-
tially higher coastal water levels at high tide in Cuxhaven, with both moderate and
severe present-day storm surge thresholds being exceeded three to five times more
often per year by 2100. Despite simplifications, these results provide a thorough first-
order estimate of how climate change may impact extreme coastal water levels in the
German Bight.

26



4
C O N C L U S I O N S A N D O U T L O O K

Storm surges have long been a recurring challenge for the population along the
German Bight coast, as well as to coastal protection agencies, critical infrastructure,
and emergency management systems. In light of ongoing climate change and the
growing need to prepare for future coastal challenges, this dissertation tackles an
overarching research question:

How will climate change affect storm surge risk in the German Bight?

The overarching goal of this work is to improve our understanding of how storm
surge frequency and height may evolve in a warmer climate. To this end, I focused
on the two key factors influencing their occurrence: wind and sea-level rise. In order
to provide a detailed answer to the dissertation’s overarching research question, I
formulated three specific research questions (Chapter 1). Each one addresses a dif-
ferent aspect of the topic. In the following, I answer each of these questions.

1. How well can a simple wind-based regression model predict storm surges in
the German Bight?

To answer the first research question, I developed a simple, wind-based statistical
storm surge model for the German Bight. It is based on a multiple linear regression
approach using solely 10 m effective wind data as the predictor. I trained and evalu-
ated the statistical model on historical skew surge data from 1959 to 2022 observed in
Cuxhaven, employing regularization methods to improve prediction accuracy while
keeping the model simple. The final statistical storm surge model consists of only
five terms: squared effective wind values at various locations with different lead
times across the North Sea region, along with an intercept. Despite its simplicity, the
statistical model demonstrates high predictive skill, achieving a correlation of 0.88

– comparable to more complex models. Moreover, I found that the statistical storm
surge model offers reliable predictions for both moderate (⩾ 150 cm) and extreme
(⩾ 250 cm) storm surge events. In summary, a simple wind-based regression model
proves well suited for reliably predicting storm surges in the German Bight. These
findings are presented and discussed in detail in Paper A (Chapter 2; Schaffer et al.,
2025).

The model’s strong performance, combined with its simplicity, enables its effective
application to climate projections. This makes it a valuable tool for assessing future
storm surge heights in the German Bight under changing climate conditions, inde-
pendent of the ongoing rise in mean sea level. Consequently, I investigated how
storm surge heights may change solely due to potential changes in wind conditions.
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2. How will future storm surge heights in the German Bight evolve solely due
to potential changes in wind patterns, based on a multi-model assessment?

To address the second research question, I applied the statistical storm surge model
developed in Paper A to a CMIP6 multi-model ensemble under three emission sce-
narios: SSP2-4.5, SSP3-7.0, and SSP5-8.5. The use of a multi-model ensemble enabled
a more robust estimation compared to relying on individual models. When focusing
on the winter months (DJF), I found a significant increase of more than 10% per year
in the frequency of potential storm surge situations by 2100 under the SSP5-8.5 sce-
nario. This increase is largely driven by more frequent westerly and northwesterly
winds and intensified wind speeds over the southern North Sea. These patterns are
associated with shifts in storm tracks and more frequent positive NAO phases in a
future climate. The results are comprehensively presented and discussed in Paper B
(Chapter 3; Schaffer et al., in prep.).

Wind-driven water elevations play a crucial role in assessing extreme coastal water
levels, yet they capture only one part of the overall picture. Over longer timescales,
the ongoing increase in mean sea level becomes the most critical factor. In this con-
text, I investigated how the interplay between projected sea-level rise and future
wind-driven storm surge dynamics shapes extreme coastal water levels in the Ger-
man Bight.

3. How will the combined effect of future wind-driven changes in storm surge
heights and projected sea-level rise impact extreme water levels in the Ger-
man Bight?

To address the third research question, I combined projected local sea-level rise with
wind-driven water level changes under three emission scenarios (SSP2-4.5, SSP3-7.0,
and SSP5-8.5). This approach allowed me to assess their combined effect on future
coastal water levels at high tide. I evaluated changes relative to present-day mean
high water and existing storm surge classification thresholds, focusing on the winter
months (DJF), which represent the main storm surge season. By the end of the 21st
century, I found a significant increase in the frequency of high water levels compared
to the historical period. Specifically, winter water levels exceeding the current storm
surge threshold of 800 cm at the Cuxhaven tide gauge are projected to occur three
to five times more frequently per year by the end of the century. Even the present
severe storm surge threshold of 900 cm at the Cuxhaven tide gauge is projected to
be exceeded four to six times more frequently per year by 2100. In general, higher-
emission scenarios produce stronger increases across most water level ranges, while
lower levels near present-day mean high water decline in frequency. These patterns
highlight that sea-level rise is the primary driver of future extreme coastal water lev-
els in the German Bight. The findings are fully presented and discussed in Paper B
(Chapter 3; Schaffer et al., in prep.).

28



4.1 setting the course : contributions and perspectives in storm surge

research

Climate change is expected to increase the occurrence of extreme sea levels and, con-
sequently, the risk of coastal flood damage. Estimating storm surge heights is key
for understanding changes in extreme sea levels. However, projecting future storm
surge heights remains a considerable challenge, as it requires translating changes in
atmospheric wind forcing into corresponding water level responses. I addressed this
challenge and demonstrated in this dissertation that a simple, purely wind-based
statistical storm surge model can reliably predict storm surges heights in the Ger-
man Bight using 10 m effective wind data. In contrast to complex statistical models
designed for detailed, event-specific storm surge prediction (Dangendorf et al., 2014;
Jensen et al., 2013; Müller-Navarra and Giese, 1999; Niehüser et al., 2018), I showed
that using wind alone provides comparable predictive skill with a much simpler
model. The model’s simplicity and efficiency make it well suited for application
to climate projections. Hence, this approach opens the door to assess future storm
surge heights in the German Bight, allowing the use of large multi-model ensembles
– an option that was not feasible before. Following this, I demonstrated the model’s
successful application to a multi-model ensemble of climate simulations. This study
provides the first projections of storm surge heights in the German Bight based on a
multi-model ensemble across multiple emission scenarios. My findings build on the
efforts of Lang and Mikolajewicz (2020) and Mayer et al. (2022) confirming a signifi-
cant increase in the frequency of storm surge events by 2100 in the German Bight due
to changes in wind conditions. In addition, the multi-model assessment provides a
more robust estimate of future storm surge heights. Expanding on this approach, I
highlighted the importance of incorporating sea-level rise into storm surge projec-
tions. I showed that the combined effect of wind-driven surges and rising sea levels
leads to substantial increases in the frequency of extreme water levels in Cuxhaven.

The core of these analyses – the statistical storm surge model – offers numerous
advantages but also entails certain limitations. During model training, the model
identifies and records the wind directions that historically favor storm surges in the
German Bight, specifically Cuxhaven. This fixed setup limits its ability to capture po-
tential future shifts in surge-triggering wind directions. However, such changes are
unlikely, since the location of Cuxhaven limits storm surge-driving winds to north-
westerly directions. Storm surges induced by alternative wind directions, external
surges, or pre-filling effects are somewhat underestimated, though still represented
within the model. Although I used Cuxhaven as a proxy for the wider German Bight,
it is important to emphasize that all results derived from the statistical storm surge
model are only valid for this centrally located site. Other coastal areas of the German
Bight – particularly the North Frisian and East Frisian coasts – may show different
future developments in the frequency of storm surge events. Mayer et al. (2022),
for example, report a future overall increase in the frequency of storm surge events
throughout the German Bight, comparable in magnitude to the increase projected
in my analysis. However, they find that this increase is most pronounced along the
North Frisian coast and weakest along the East Frisian coast, highlighting clear spa-
tial differences in storm surge frequency across the German Bight. Such regional
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differences are not captured in my Cuxhaven-based approach. Nevertheless, despite
this limitation, using the statistical storm surge model with climate projection data of-
fers robust insights into the overall direction of change in storm surge frequency and
height in the German Bight. Finally, in this dissertation, I emphasized the importance
of incorporating sea-level rise into storm surge projections. While I presented an ini-
tial estimate of future extreme coastal water levels under climate change, based on
several simplifying assumptions, the proper incorporation of sea-level rise remains
a complex and open research challenge.

This work opens new possibilities for investigating storm surge heights in the Ger-
man Bight across a range of timescales. Thanks to its simplicity and efficiency, the
statistical storm surge model is well suited for a variety of applications, such as sea-
sonal or decadal predictions, and even potential integration into operational early
warning systems. Beyond the temporal dimension, the underlying approach of de-
veloping such a statistical storm surge model is transferable to coastal regions world-
wide where wind is the dominant driver of storm surge development. Given the
limitations described above, the approach offers clear potential for regionalization
within the German Bight: tailored statistical storm surge models can be developed in-
dependently for the North Frisian and East Frisian coasts and subsequently applied
to large multi-model ensembles of climate projections. Such region-specific models
would allow for a more detailed and robust assessment of the spatial variability in
future storm surge frequency and height across the German Bight. Moreover, the
underlying drivers of the projected increase in storm surge frequency in the German
Bight could be further investigated. In particular, future work could focus on quanti-
fying the respective contributions of increasing wind speeds and changing frequen-
cies of surge-favorable wind directions. The findings of this dissertation, together
with the conclusions of the IPCC’s 6th assessment report (Fox-Kemper et al., 2021),
indicate that sea-level rise will be the dominant factor behind increasing occurrences
of extreme sea levels. However, the relative contributions of wind-driven changes
and sea-level rise to extreme coastal water levels in the German Bight remain poorly
quantified. A systematic assessment of these components would provide a more
complete understanding of the mechanisms shaping future storm surge risk in the
German Bight.

In this dissertation, I investigated long-term projections of storm surge frequency
and height in the German Bight until the end of the century. Reliable projections of
storm surge risk provide valuable guidance for coastal protection and management
agencies, enabling them to improve preparedness, mitigation, and long-term adap-
tation strategies. They also offer essential input for infrastructure planning and re-
silience measures, ultimately benefiting communities living along the German Bight
coast. Hence, my dissertation bridges scientific insight and societal application, of-
fering knowledge to strengthen coastal safety and resilience in the German Bight in
the face of a changing climate.
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D E V E L O P M E N T O F A W I N D - B A S E D S T O R M S U R G E M O D E L
F O R T H E G E R M A N B I G H T

The research presented in this chapter has been published as:

Schaffer, L., Boesch, A., Baehr, J., and Kruschke, T. (2025). “Development of a wind-
based storm surge model for the German Bight.” Natural Hazards and Earth System
Sciences 25.6, pp. 2081–2096. doi: 10.5194/nhess-25-2081-2025.

My contributions to the research presented in this chapter include designing and
developing the study together with Tim Kruschke. I developed and trained the
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abstract

Storm surges pose significant threats to coastal regions, including the German Bight,
where strong winds from the northwesterly direction drive water levels to extreme
heights. In this study, we present a simple, effective storm surge model for the Ger-
man Bight, utilizing a multiple linear regression approach based solely on 10 m ef-
fective wind speed as the predictor variable. We train and evaluate the model using
historical skew surge data from 1959 to 2022, incorporating regularization techniques
to improve prediction accuracy while maintaining simplicity. The model consists of
only five terms, the effective wind at various locations with different lead times
within the North Sea region, and an intercept. It demonstrates high predictive skill,
achieving a correlation of 0.88. This indicates that, despite its extreme simplicity, the
model performs just as well as more complex models. The storm surge model pro-
vides robust predictions for both moderate and extreme storm surge events. More-
over, due to its simplicity, the model can be effectively used in climate simulations,
making it a valuable tool for assessing future storm surge risks under changing cli-
mate conditions, independent of the ongoing and continuous sea-level rise.

a.1 introduction

Many of the world’s coasts are endangered by storm surges. These can have dev-
astating consequences, causing widespread destruction and even loss of life (von
Storch, 2014). The German Bight, located in the southeastern part of the North Sea
(Fig. A.1), is an example of a region that is prone to frequent and severe storm
surges. The major driver of storm surges in the German Bight is strong wind from
the northwesterly direction associated with intense extratropical cyclones traveling
from the North Atlantic into the North Sea region. The co-occurrence of such storms
with high tides leads to high coastal water levels, potentially resulting in flooding,
erosion and significant damage to infrastructure. Organizations responsible for the
planning and construction of protection structures have been confronted with the
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Figure A.1: Map with marked areas of the North Sea (black box) and the German Bight (red
box). The blue cross indicates the location of Cuxhaven.

challenge of managing these sudden extreme water-level events for decades. The
continuing rise in mean sea level induced by anthropogenic climate change adds
even greater urgency to this issue. Assessing the potential of an impending storm
surge is therefore important in order to ensure public safety and maintain regional
infrastructure.

In addition to other factors such as atmospheric sea-level pressure and external
surges (Böhme et al., 2023), wind proves to be the primary driver for sea-level vari-
ability in the German Bight (Dangendorf et al., 2013) and therefore plays an impor-
tant role in estimating the height of storm surges. Various studies investigate the
meteorological conditions that caused extreme storm surges in the past. While they
focus on just a few case studies, they demonstrate the successful applicability of re-
analysis data for recreating these events: the storm surge studies include the well
known Hamburg storm surge of 1962 (Jochner et al., 2013; Meyer and Gaslikova,
2024), one of the highest storm surges ever measured in 1976 (Meyer and Gaslikova,
2024) and the storm surge caused by storm “Xaver” in 2013 (Dangendorf et al., 2016;
Meyer and Gaslikova, 2024). While these and other studies focus on the analysis of
individual historical events, Krieger et al. (2020) concentrate on the statistics and
long-term evolution of German Bight storm activity. They find that storm activity
over the German Bight is characterized by multidecadal variability. This is in line
with the results of Dangendorf et al. (2014), who find that storm surges in the North
Sea are characterized by interannual to decadal variability associated with large-scale
atmospheric circulation patterns.
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Nevertheless, in order to estimate the resulting storm surge levels in the German
Bight, a translation of wind speed into water level is required. Hydrodynamic mod-
els are the most widely used and reliable method for translating atmospheric condi-
tions into storm surge estimates. While they provide detailed simulations of storm
surges, they are computationally expensive and require extensive input data, mak-
ing them less suitable for climate simulations. In such cases, simpler approaches,
such as statistical methods, can serve as more practical alternatives to analyze storm
surges. In particular, the skew surge – the difference between the observed water
level and the expected astronomical high-water level – provides reliable information
about storm surges (Ganske et al., 2018; Williams et al., 2016). Here, two approaches
are commonly employed to translate atmospheric conditions into water levels: one
uses the so-called effective wind as a proxy, while the second approach involves pre-
dicting skew surges using a statistical model.

For the former, a variable – the effective wind – consisting of wind speed and di-
rection is used to objectively assess the conditions for a storm surge in the German
Bight (Jensen et al., 2006; Müller-Navarra et al., 2003). Cuxhaven (Fig. A.1), located
in the center of the German Bight coast and with its long-gauge data series, is often
used as a proxy for that region. For Cuxhaven, the effective wind is defined as the
fraction of the 10 m wind blowing from direction 295°. In an empirical study, this
wind direction was determined as the one for which the wind-induced increase in
water levels in the German Bight is greatest (Jensen et al., 2006; Müller-Navarra et al.,
2003). Averaged over the German Bight, the effective wind is therefore a measure of
the contribution of wind to storm surges at the German Bight coastline and can be
used as an indicator for the storm surge potential of a weather situation (Jensen et al.,
2006). Befort et al. (2015) use the effective wind in combination with a storm tracking
algorithm to detect storm surges in the German Bight. Using this method, they show
an improvement in the identification of storm surge events compared to the sole use
of the effective wind. This agrees with findings of Ganske et al. (2018), who state
that high effective wind alone is not necessarily linked to a large storm surge height,
but that additional parameters such as the storm track need to be taken into account.

Building upon the second approach, namely the use of a statistical model, Müller-
Navarra and Giese (1999) re-examined and revised existing studies and similar meth-
ods from the 1960s, setting up a statistical model using multiple linear regression in
order to determine storm surge situations in the German Bight, i.e., in Cuxhaven.
The authors use, as predictors for computing the skew surge in Cuxhaven, wind
speed and direction, air and sea surface temperature, air pressure and its 3-hourly
change, the water level in Wick on the Scottish east coast 12 h earlier, and water
levels in Cuxhaven during the immediately preceding low and high waters. Müller-
Navarra and Giese (1999) find that the consideration of external surge and autocor-
relation improve the model performance. The result is an empirical model with 14

basic functions that is able to describe the skew surge height in Cuxhaven (Müller-
Navarra and Giese, 1999). Several other studies build on this study and base their
models on the mathematical approaches by Müller-Navarra and Giese (1999). Jensen
et al. (2013), for example, successfully examine the empirical–statistical relationship
between wind, air pressure and the skew surge in Cuxhaven for the period 1918
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to 2008. As an approximation for external surges, they use air pressure and wind
time series at the northern edge of the North Sea. Dangendorf et al. (2014) extend
this analysis by reconstructing storm surges in the German Bight back to 1871, but
with higher predictive skill from 1910 onward. However, it is worth noting that their
model is only based on atmospheric surface forcing as predictors; external surges are
excluded from the model setup (Dangendorf et al., 2014). Niehüser et al. (2018) apply
a similar model setup for multiple tide gauge locations along the North Sea coast,
focusing on the period from 2000 to 2014. In contrast to using wind and air pressure
information of the nearest grid cell for each tide gauge location (Dangendorf et al.,
2014; Jensen et al., 2013), Niehüser et al. (2018) implement a step wise regression ap-
proach, considering time lags up to 24 h. This allows them to determine the location
and time lag of relevant predictors for each site. Their model shows comparable skill
measures to the more complex model by Jensen et al. (2013). All mentioned statisti-
cal modeling approaches require a large number of input variables for very specific
locations or regions. Most of these approaches have been employed solely based on
observational data or atmospheric reanalysis (Dangendorf et al., 2014; Jensen et al.,
2013; Müller-Navarra and Giese, 1999; Niehüser et al., 2018).

In the context of climate change, the assessment of future storm surge risk is of major
importance (IPCC, 2023). In order to incorporate necessary climate projections, a less
complex statistical model is needed that is applicable to a multi-model ensemble of
climate model simulations with only a limited number of variables available and a
comparatively coarse spatial resolution.

To fill this gap, this paper seeks to (i) set up a simple storm surge model for Cuxhaven
using a multiple linear regression approach based only on the 10 m wind from the
ERA5 reanalysis as predictor variable; (ii) improve prediction accuracy and reduce
model complexity by applying regularization methods; and (iii) assess the model’s
performance by using cross-validation methods and classification evaluation. The
reason for the restriction to winds is that most climate model simulations provide
corresponding information. Thus, this paper introduces a new method for predicting
storm surge heights in the German Bight, which can also be applied using data from
climate model projections in future studies.

a.2 methods and data

We develop a simple storm surge model for the German Bight, i.e., Cuxhaven, based
on a multiple linear regression approach and relying exclusively on the grid-cell-
specific 10 m effective wind as the predictor variable. Broadly speaking we follow
four steps (Fig. A.2): (a) data preprocessing (Sects. A.2.1.1 and A.2.1.2); (b) the iden-
tification of the location and lead time of the predictors across the entire North Sea
region (namely certain grid cells of the atmospheric reanalysis used; Sects. A.2.2 and
A.3.1); (c) choosing an appropriate threshold value and regularization method for
training the model (Sects. A.2.3, A.3.2 and A.3.3); and (d) training and evaluation of
the storm surge model (Sects. A.2.3, A.3.4 and A.3.5).
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Figure A.2: Schematic representation of the process for developing the wind-based storm
surge model. Panel (a) shows the data preprocessing steps; panel (b) shows the
identification of relevant predictor positions; panel (c) shows the procedure for
selecting a threshold and regularization method for model training; panel (d)
shows the final model training and evaluation.

a.2.1 Data

a.2.1.1 Skew surge data

A valuable metric for storm surge research is the skew surge at high waters (de
Vries et al., 1995; Jensen et al., 2013; Williams et al., 2016). It is the height difference
between the highest recorded sea level and the predicted tidal high water within a
tidal cycle, regardless of the time. We create a time series of high-water skew surge
(hwss) at the tide gauge Cuxhaven for the years 1959 to 2022 (Fig. A.8). In order to
derive hwss, we calculate consistent tidal predictions for these years based on the
observed times and water levels of high waters. The observation data are collected
and quality checked by the Waterways and Shipping Office Elbe-Nordsee, which op-
erates the Cuxhaven tide gauge. The height reference is tide gauge zero.

We perform tidal analysis and prediction using the method of “harmonic represen-
tation of inequalities”. We opt for this method for two reasons: (1) It is a proven
operational technique that delivers excellent results under the tidal conditions in the
German Bight (Boesch and Jandt-Scheelke, 2020; Boesch and Müller-Navarra, 2019;
Horn, 1960), and (2) this technique is applied directly to the heights of the vertices
which are needed for this study. For the tidal analysis, we follow the scheme used for
the official tide tables: predictions for a given year are based on a tidal analysis of the
19 water-level observation years ending 3 years prior to the prediction year. For ex-
ample, the prediction for the year 1959 is based on the results of the tidal analysis of
the observations from 1938 to 1956. The tidal analysis employs 39 long-period tidal
constituents and runs in two iterations, with a three-sigma clipping of outliers before
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each iteration. We derive the skew surge for 45 162 high waters compared to 45 169

semidiurnal tidal cycles theoretically present in the studied years. It is worth noting
that, due to the calculation process, the skew surge data do not take into account
sea-level rise.

Table A.1: Number of data points for each sub-sample based on the selected threshold for
the period 1959 to 2022.

hwss [cm] ⩾ 50 60 70 80 90 100 110 120 130 140 150

Sample size 3761 2730 2018 1504 1161 923 717 551 431 329 253

As this study aims for a storm surge model we only use a subsample of high hwss
events for training. As part of this study, we test various thresholds as a lower bound-
ary for defining this subsample, specifically ranging from 50 to 150 cm. We decided
on this range as it represents a fair compromise between sample size and the official
storm surge definition of greater than or equal to 150 cm above mean high water
(Sect. A.2.3). In the following we refer to this range as hwss ⩾ 50, 60, . . . , 150 cm. We
show the number of available data points for each subsample in Table A.1. We de-
scribe the choice of the final threshold in Sects. A.2.3 and A.3.2. As the selected skew
surge range is not normally distributed, we apply the natural logarithm to normalize
the dataset before using it. Consequently, we train the model based on logarithmic
values.

a.2.1.2 Wind data

ERA5, generated by the European Centre for Medium-Range Weather Forecasts
(ECMWF), is the most recent atmospheric reanalysis offering hourly data on vari-
ous atmospheric, land-surface, and sea-state variables. The data are provided at a
horizontal resolution of 31 km and 137 levels in the vertical, covering the period
from 1940 onwards (Hersbach et al., 2020).

Based on the 10 m hourly wind components from the ERA5 reanalysis, we use the
concept of the effective wind to analyze the wind conditions that contribute to water-
level variations in Cuxhaven. The effective wind refers to the combined effect of
wind speed and direction. It describes the proportion of the wind projected onto a
specific wind direction. Here, the specific wind direction is the one that causes a cer-
tain wind-related water level in Cuxhaven. We perform a composite analysis of the
zonal (uas) and meridional (vas) components of the 10 m wind, which are associated
with hwss ⩾ 50, 60, . . . , 150 cm. For each hour (up to 12 h) prior to the correspond-
ing skew surge event, we use the result of this composite analysis to determine the
specific wind direction separately for each hwss training threshold.

As we started our analysis when the backward extension of ERA5 to 1940 was not
yet available, we only use the hourly wind components for the period 1959 to 2022.
Since our study area is the German Bight, we focus exclusively on the North Sea
region, which we define from -5° E to 10.5° E in longitude and from 51° N to 59° N
in latitude. For this region, we count 2079 grid cells. For each of these grid cells
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(k) and in hourly time steps (t) we calculate the effective wind separately for each
hwss training threshold. First, we normalize the mean zonal (uask) and meridional
(vask) wind components from the composite analysis by dividing each by the mean
wind speed (Uk). We subsequently calculate the effective wind (effwindk,t

10m (hwss))
by projecting the actual wind components (uask,t and vask,t) onto the corresponding
normalized mean components ( uask

Uk
and vask

Uk
):

effwindk,t
10m (hwss) =

(
uask
Uk

)
· uask,t +

(
vask
Uk

)
· vask,t. (1)

The result is the effective wind for the period 1959 to 2022 in hourly time steps and
individually for each grid cell in the North Sea region. The particular feature of
effwindk,t

10m (hwss) is the fact that its value can be negative. This is the case as soon
as the wind blows from the opposite direction to the specific wind direction.

a.2.2 Statistical model development

Similar to Niehüser et al. (2018), we apply the approach of non-static predictors, but
using a different method. This method only considers predictor locations that are
relevant to the observed skew surge variability in Cuxhaven. Thus, instead of just
considering the nearest grid cell for the Cuxhaven gauge (Dangendorf et al., 2014;
Jensen et al., 2013), we identify grid cells and lead times across the entire North Sea
region that are most relevant to the respective subsample (hwss ⩾ 50, 60, . . . , 150 cm).
Using the effective wind data up to 12 h before each hwss event, we select the grid
cells with the highest relevance at each lead time (further details in Sect. A.6.1). This
approach enables us to determine the most significant grid cells and lead times for
each hwss training threshold (Fig. A.2b). Hereafter, the effective wind in these se-
lected grid cells, along with the corresponding lead times (effwindGCt=1,..,12

10m (hwss)),
serve as predictors. We stress that each of the 12 predictor variables represents a
specific position and a lead time in the North Sea region. Separately for every sub-
sample (hwss ⩾ 50, 60...150 cm), we perform multiple linear regression using each
of the three regularization techniques - ridge, lasso and elastic net (further details
in Sect. A.6.2.1). As we count 11 different hwss training thresholds and three regu-
larization methods, we arrive at 33 models. In the following, we refer to these mod-
els as skew surge models. We use the standardized effwindGCt=1,..,12

10m (hwss) and set
up the skew surge models in quadratic order and with forced positive coefficients
(Sect. A.2.3). In addition, we determine the respective regularization parameter λ

for ridge, lasso and elastic net regression for each skew surge model using cross-
validation. Subsequently, we perform a leave-one-out-cross-validation for each skew
surge model and regularization technique (Fig. A.2c).

a.2.3 Evaluation and setup of the storm surge model

In order to evaluate the skew surge models (Sect. A.2.2), we calculate R2 and the root-
mean-square error (RMSE) (further details in Sect. A.6.2.3). Based on these perfor-
mance metrics, data availability and the ability of the individual skew surge models
to capture even very severe storm surges, we decide on one final hwss threshold for
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model training (Sect. A.3.2) and one regularization method (Sect. A.3.3). The model
trained on the selected hwss subsample using the chosen regularization method is
hereafter referred to as the storm surge model.

We evaluate the storm surge model by predicting all hwss, every 12 hours, for the
years from 1959 to 2022. In doing so, we exclude the year to be predicted from the
training. As before, we train the storm surge model based on the sub-sample cor-
responding to the previously selected hwss event threshold. Here, the predictors,
namely effwindGCt=1,..,12

10m (hwss), are mostly positive, as they correspond to the wind
direction relevant to the hwss subsample. For the year that the model is supposed to
predict, we have to take all high tides into account. In doing so, we come across skew
surge heights that are smaller than the skew surge height with which the model was
trained – some even negative. Smaller or sometimes negative hwss indicate a minor
water movement or even a water movement away from the coast of Cuxhaven. Here,
effwindGCt=1,..,12

10m (hwss), which is mainly responsible for this water movement, tends
to take on negative values. Since the storm surge model consists of interaction terms
and squared terms, negative effwindGCt=1,..,12

10m (hwss) as predictors would still lead to
positive values. This means that despite negative effwindGCt=1,..,12

10m (hwss), the model
would predict positive hwss, which is contrary to the physical consequence of neg-
ative effwindGCt=1,..,12

10m (hwss). To overcome this problem, we create a mathematical
condition that we apply solely to the dataset of the year to be predicted. This math-
ematical condition specifies that whenever a predictor is negative, the coefficient
associated with its squared term becomes negative. Furthermore, if both predictors
in an interaction term are negative, the coefficient before the term also becomes neg-
ative. This mathematical condition, combined with the forced positive coefficients
in the training, allows the model to reproduce the physical consequence of negative
effwindGCt=1,..,12

10m (hwss).

However, since we train the model on logarithmic hwss, the model will always pre-
dict hwss greater than zero. In order to address this issue, we apply the quantile
mapping bias correction technique based on the equations of Cannon et al. (2015).
With this method we aim to minimize distributional biases between predicted and ob-
served hwss time series. Its interval-independent approach considers the entire time
series, redistributing predicted values based on the distributions of the observed
hwss (Fig. A.2d).

Moreover, we perform a classification evaluation to investigate whether the model
correctly classifies the predicted storm surges according to the storm surge definition
for the German North Sea coast. The latter is defined by the height of the water level
above mean high water (MHW). According to the definition of the Federal Maritime
and Hydrographic Agency (BSH), a storm surge event along the German North Sea
coast is classified as follows: an increase in water level of 150 to 250 cm above MHW
is referred to as a “storm surge”; if the water level reaches between 250 to 350 cm
above MHW, it is classified as a “severe storm surge”; and any event exceeding
350 cm above MHW is referred to as a “very severe storm surge” (Müller-Navarra et
al., 2012). To assess the extent to which the storm surge model assigns the predicted
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hwss to the correct classes, we calculate the F1 score (van Rijsbergen, 1979) (further
details in Sect. A.6.2.2). Specifically, we calculate the F1 score for the classes starting
from a storm surge (⩾ 150 cm) and from a severe storm surge (⩾ 250 cm) for the
predicted and bias-corrected high-water skew surges in the years 1959 to 2022.

a.3 results

a.3.1 Identifying relevant predictor positions

In the first step for the development of a storm surge model, we determine the lo-
cation and lead time of the predictors (effwindk,t

10m (hwss)) in the North Sea region,
individually for each hwss training threshold (hwss ⩾ 50,60...150 cm). Figure A.3
shows the location and lead time of the predictors for the training threshold of
hwss ⩾ 80 cm. 12 h before skew surge events in Cuxhaven, the effective wind in the
northwestern section of the North Sea, near Scotland, shows the highest explained
variance (R2 = 0.205) (blue cross in Fig. A.3). With increasing temporal proximity to
the skew surge events, the relevance shifts toward the southeastern part of the North
Sea. Here, the effective wind in the most southeasterly grid cell, approximately 2 h
(R2 = 0.555) and 1 h (R2 = 0.525) before the skew surge events, provides the best de-
scription of the resulting water level in Cuxhaven (black and pink cross in Fig. A.3).
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Figure A.3: Map of the North Sea region showing the 12 relevant grid cells highlighted with
crosses. Each cross represents a specific grid cell, with the color variations in-
dicating the different time intervals before the skew surge event and the corre-
sponding R2 value (based on a leave-one-out-cross-validation). The threshold for
training is hwss ⩾ 80 cm.
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Even though the positions in the North Sea region, i.e., the individual grid cells, vary
when applying the different hwss subsamples (not shown), the temporal evolution of
grid points with maximum R2 consistently follows a northwest to southeast progres-
sion. This result is in line with findings of Meyer and Gaslikova (2024) and Gerber
et al. (2016), who investigate several storm surges and conclude that the northern
storm tracks induce high surges across the southern area of the North Sea.

a.3.2 Selecting a threshold for model training

Once we have determined the location and lead time of the predictors (Sect. A.3.1),
we create skew surge models by applying the three regularization methods (further
details in Sect. A.6.2.1). We perform a leave-one-out-cross-validation for the models
based on ridge, lasso and elastic net regression separately for the training thresholds
hwss ⩾ 50, 60, . . . , 150 cm, resulting in three models per hwss training threshold.
We assess the performance of these skew surge models by computing R2 and RMSE
(Fig. A.4). We find a general trend of decreasing R2 values across all three models as
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Figure A.4: R2 (a) and RMSE (b) with the corresponding 95 % confidence intervals of the
skew surge models including the different regularization methods across differ-
ent hwss thresholds for training. The training thresholds are shown on the x-axis
with the number of available data points in brackets. Each cross represents a
specific regularization method (green: ridge regression, purple: lasso regression,
orange: elastic net regression). The results are based on a leave-one-out-cross-
validation.
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the training threshold increases, with the highest R2 value of 0.646 (hwss ⩾ 50 cm)
and the lowest being 0.569 (hwss ⩾ 150 cm) (Fig. A.4a). Furthermore, skew surge
models using ridge regression have a slightly lower R2 value in most cases com-
pared to models using lasso and elastic net regression. Skew surge models based on
lasso and elastic net regression show almost equal R2 values across all hwss train-
ing thresholds (Fig. A.4a). This trend is also reflected in the RMSE. When trained
with lower hwss thresholds, the RMSE is low and the confidence interval is narrow.
Conversely, training with higher hwss thresholds results in higher RMSE values and
wider confidence intervals.

Despite lower R2 values for models with ridge regression, we find no significant
differences in performance compared to the other regularization methods trained on
the same threshold. We see this in the fact that the confidence intervals of the models
trained with the same hwss threshold value overlap regardless of the regularization
method. The similarity in performance of the three models, each with a different
regularization method, is the result of forcing the positive coefficients. By forcing
positive coefficients, ridge regression reduces certain coefficients to zero if their im-
pact on the accuracy of the prediction is small. This process is similar to predictor
selection and results in model behavior similar to lasso and elastic net regression.
Consequently, in our case, the performance of ridge regression is closely related to
lasso and elastic net regression.

However, when comparing skew surge models across training thresholds, we find
that some models trained with higher thresholds (e.g., hwss ⩾ 110 cm) perform sig-
nificantly worse compared to those trained with lower thresholds (e.g., hwss ⩾ 50 cm)
(Fig. A.4b). Additionally, we observe strong fluctuations in the decrease in R2 values
and the increase in RMSE values, which become visible from a hwss training thresh-
old of hwss ⩾ 90 cm (Fig. A.4). One explanation for this phenomenon and the partly
resulting significant differences in model performance might be the sample size. As
the training threshold increases, the number of events decreases. Having sufficient
data is essential for the model to learn patterns accurately and ensure better perfor-
mance on unseen data.

In our pursuit of developing a storm surge model capable of simulating extreme
events, we aim to train it using the highest possible hwss threshold. However, when
selecting from the number of possible training thresholds, we face the challenge of
striking a balance between sample size, high threshold and model performance. We
decide to use a hwss training threshold of greater than or equal to 80 cm. We base
our decision on the following reasons: (1) this training threshold does not lead to a
significant difference in model performance compared to other thresholds (Fig. A.4b),
(2) we have sufficient data to effectively train the model with this threshold, and (3)
we find a satisfactory level of accuracy in simulating extreme events (Fig. A.5).

a.3.3 Selecting a regularization method

Following the selection of a hwss training threshold, the next step is to choose a
suitable regularization method. Figure A.5 compares the observed and predicted
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skew surge heights resulting from a leave-one-out-cross-validation using ridge, lasso
and elastic net regression, all related to a training threshold of greater than or equal
to 80 cm. As mentioned earlier (Sect. A.3.2), we observe a similarity in model per-
formance. This is also evident when predicting extremes, with most of the extreme
values being underestimated. This could be attributed to the limited data on extreme
skew surge events. Moreover, the coarse resolution of the atmospheric forcing (ERA5)
may contribute to the underestimation of the most extreme events (Dangendorf et
al., 2014; Harter et al., 2024). However, even with a relatively low training threshold
(hwss ⩾ 80 cm), we still get an appropriate representation of the most extreme events
(Fig. A.5). The problem of underestimating extreme events is not unique to this study.
Several other studies attempting to reconstruct extreme storm surges using statisti-
cal models also encounter similar issues (Dangendorf et al., 2014; Harter et al., 2024;
Niehüser et al., 2018).
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Figure A.5: Comparison between observed skew surge heights and predicted skew surge
heights resulting from a leave-one-out-cross-validation using ridge (a), lasso (b)
and elastic net regression (c). The black line represents the diagonal, indicating
perfect agreement between observed and predicted skew surges. The threshold
for training is hwss ⩾ 80 cm.

Furthermore, with regard to the performance of the skew surge models, it is impor-
tant to evaluate the influence of the predictors. As mentioned above (Sect. A.3.2),
due to forced positive coefficients, ridge regression performs a lasso-like predictor
selection, resulting in a sparse model with only seven terms including the intercept.
However, lasso and elastic net regression models consist of just five terms in total, in-
cluding the intercept. Both models show similar performance with identical selected
predictors but slightly different coefficients.

In summary, in our case, we observe an overall high level of predictive performance
with sparse models. Considering the three potential regression methods, we opt for
the elastic net regression model (training threshold hwss ⩾ 80 cm) as our final storm
surge model (Fig. A.5c):

hwssStormSurgeModel = f(effwindGCt=−12

10m , effwindGCt=−6

10m ,

effwindGCt=−2

10m , effwindGCt=−1

10m )

+ intercept

(2)
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According to the elastic net regularization, the hwss predicted by the storm surge
model is based on the following predictors:

• effwindGCt=−12

10m : effective wind in the respective grid cell 12 hours prior the skew
surge event (squared),

• effwindGCt=−6

10m : effective wind in the respective grid cell 6 hours prior the skew
surge event (squared),

• effwindGCt=−2

10m : effective wind in the respective grid cell 2 hours prior the skew
surge event (squared),

• effwindGCt=−1

10m : effective wind in the respective grid cell 1 hour prior the skew
surge event (squared).

This choice is primarily motivated by its simplicity, as it has even fewer terms com-
pared to the ridge regression model, and unlike the lasso regression model, also
includes coefficient shrinkage.

a.3.4 Verification of the storm surge model and quantile mapping bias correction

We eventually verify the storm surge model by using it to predict all high-water skew
surge events from 1959 to 2022. By including this broader range of events, we ensure
that the model is capable of predicting skew surges on which it was not trained,
namely those below 80 cm. In doing so, we train the model based on (hwss ⩾ 80 cm)
events of all years except the year we want to predict.

Figure A.6a and b show the probability density function (PDF) and cumulative distri-
bution function (CDF) of the observed and predicted skew surge events from 1959 to
2022. The PDF (Fig. A.6a) reveals that the observed skew surge data have a broader
distribution centered around lower skew surge heights, whereas the predicted skew
surge data are more concentrated and centered around greater skew surge heights,
never falling below zero. We also see the same pattern in the CDF (Fig. A.6b), with
the predicted CDF indicating higher skew surges at a given cumulative probability
compared to the observed CDF.

Additionally, we plot observed against predicted skew surge heights (Fig. A.7a) and
find a strong correlation coefficient of 0.867 and an R2 value of 0.751. However, in
the lower range of skew surges (observed values below 80 cm), the model tends to
overestimate the values, while in the upper range (observed values above 150 cm),
it tends to underestimate the skew surge heights. While the underestimation of ex-
treme skew surges may be due to a lack of data (Sect. A.3.2), the overestimation of
low or negative skew surges is a consequence of training on logarithmic values. The
reason for this lies in the nature of logarithmic functions which is defined only for
positive real numbers.

In order to adjust the model output, we apply bias correction using the quantile map-
ping method of Cannon et al. (2015). We calculate the transfer function using the ob-
served and reconstructed skew surges, but without performing cross-validation. Fig-
ure A.6c and d show the PDF and CDF of the observed and bias-corrected predicted
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Figure A.6: Comparison of all observed (blue) and predicted (orange) PDFs and CDFs of
skew surge events from 1959 to 2022, before (a, b) and after (c, d) bias correction.
The threshold for training is hwss ⩾ 80 cm and the regularization method is
elastic net, with the year to be predicted being excluded from the training.
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corr = 0.867, R² = 0.751
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Figure A.7: Scatter plots comparing all observed and predicted skew surge heights from
1959 to 2022 - before (a) and after (b) quantile mapping bias correction. The black
line represents the diagonal, indicating perfect agreement between observed and
predicted skew surges. The threshold for training is hwss ⩾ 80 cm and the reg-
ularization method is elastic net, with the year to be predicted being excluded
from the training.

skew surge events. After applying the quantile mapping bias correction, the pre-
dicted distribution aligns much more closely with the observed distribution, both in
terms of central tendency and spread. Also, the almost overlapping CDFs (Fig. A.6d)
and the tighter clustering of points along the diagonal in Fig. A.7b indicate that the
quantile mapping method successfully corrects the bias in the model’s prediction.
Moreover, it effectively reduces both the overestimation of lower skew surges and
the underestimation of higher skew surges, resulting in better alignment with the
observed values. The corrected prediction exhibit a higher correlation with the ob-
served values (corr = 0.882) and an increase in the R2 value (R2 = 0.778) (Fig. A.7b).
Compared to the more complex models developed by Jensen et al. (2013), Dangen-
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dorf et al. (2014) and Niehüser et al. (2018), our storm surge model demonstrates
equally high skill measures despite its extreme simplicity.

a.3.5 Classification evaluation

To assess the ability of the storm surge model to discriminate extreme storm surge
events, we conduct a classification evaluation and calculate the F1 score for two
categories: (1) predicting a skew surge of greater than or equal to 150 cm, and (2)
predicting a skew surge of greater than or equal to 250 cm. These threshold val-
ues are officially used by BSH to define a storm surge and a severe storm surge
(Sect. A.2.3). To perform the classification evaluation, we use values from the con-
tingency table based on the model’s prediction (Table A.2). The contingency table
consists of four values: true negatives, true positives, false negatives and false posi-
tives. We use the last three values to calculate precision, recall and ultimately the F1

score (see Sect. A.6.2.2 for details), as shown in Fig. A.7.

Table A.2: Contingency table summarizing model predictions for two categories: skew surge
⩾ 150 cm and skew surge ⩾ 250 cm. Values in bold black represent bias-corrected
predictions, while regular black text indicates predictions without bias correction.

Skew surge ⩾ 150 cm Skew surge ⩾ 250 cm

True negatives (Correct rejection) 44829 44893 45132 45136

True positives (Hit) 170 126 19 6

False negatives (Miss) 83 127 5 18

False positives (False alarm) 79 15 5 1

In our analysis, the F1 scores for predicting skew surges greater than or equal to 150

and 250 cm demonstrate a clear improvement after applying bias correction. After
bias correction, the F1 scores are 0.677 and 0.792, respectively. In contrast, before bias
correction, the F1 scores are 0.64 at the 150 cm threshold and 0.387 at the 250 cm
threshold. This indicates good model performance at the 150 cm threshold, show-
ing a reasonable balance between precision and recall. For the higher threshold of
250 cm, the model demonstrates even better performance. This improvement sug-
gests that the model is more accurate and reliable in predicting larger skew surges.
However, the very small sample size of just 24 events with a skew surge of more than
250 cm (19 hits and 5 misses) plus five false alarms is associated with much higher
uncertainty for the respective F1 score. These results underscore the importance of
bias correction, as it significantly enhances the model’s ability to predict higher skew
surge values, improving both precision and recall for extreme events.

a.4 discussion

The presented storm surge model, after bias correction, demonstrates a strong corre-
lation between observed and predicted skew surges (Figs. A.7b and A.8). The classifi-
cation evaluation indicates that the model might be even more accurate in predicting
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higher skew surges (⩾ 250 cm) compared to those above 150 cm. Other studies, such
as those by Müller-Navarra and Giese (1999), Niehüser et al. (2018) and Dangendorf
et al. (2014) often underestimate these higher skew surges. As previously mentioned,
the sample size for calculating the F1 score at the 250 cm threshold is very small, so
the F1 score is associated with a much greater uncertainty. Nevertheless, the F1 score
underlines that the model is effective in predicting extreme events. It is reasonable
to assume that especially severe storm surges are predominantly caused by north-
westerly winds, as this pattern aligns with the predictor regions (Sect. A.3.1; Fig. A.3:
12, 6, 2 and 1 h before the storm surge). This assumption is supported by Gerber
et al. (2016), who identified, analyzed, and categorized storm surges based on atmo-
spheric conditions. They find that severe storm surges in the German Bight occur
more frequently during the northwest type (NWT), characterized by a northwesterly
flow from the northern section of the North Sea to the German Bight. Examples of
storm surges resulting from an NWT weather situation include the very severe storm
surge in February 1962 and the one at the end of January 1976 (Gerber et al., 2016;
Jochner et al., 2013; Meyer and Gaslikova, 2024). In these instances, high effective
winds (17 to 21 m/s) are recorded at all predictor locations and our storm surge
model successfully predicts these storm surges (Fig. A.8).

Another weather situation relevant to storm surges in the German Bight is the west
and southwest type (W + SWT), characterized by westerly or southwesterly winds
(Gerber et al., 2016). Notable examples of storm surges resulting from W + SWT
weather situations include the highest storm surges ever recorded at the beginning
of January 1976 (Gerber et al., 2016; Meyer and Gaslikova, 2024) and the storm surge
in February 2022 (Mühr et al., 2022). Here, our model shows varying performance.
On the one hand, with high effective wind speeds (18 to 23 m/s) at all predictor loca-
tions, the storm surge model successfully predicts the storm surge on 3 January 1976

(Fig. A.8b). On the other hand, the model underestimates the storm surge in Febru-
ary 2022 (Fig. A.8a). In this case, effective wind speeds ranged from 15 to 18 m/s
in the central (Fig. A.3: 6 h before the storm surge) to southeastern sections of the
North Sea (Fig. A.3: 2 and 1 h before the storm surge), but negative effective winds
of -7 m/s at the predictor location in the very northwestern section of the North Sea
(Fig. A.3: 12 h before the storm surge). The influence of the negative effective wind
in the northwestern predictor location results in a lower predicted skew surge.

However, other external factors may also influence the performance of the model.
The storm surge in February 2022 was not only the result of predominantly south-
westerly winds but also a part of a series of storms (Mühr et al., 2022). This led to
a pre-filling of the North Sea (Mühr et al., 2022), causing weaker effective winds
to induce a higher skew surge. This pre-filling effect additionally explains why the
model underestimates the February 2022 storm surge. Nevertheless, the resulting
skew surge prediction still exceeds 150 cm, which means it is still able to identify an
event exceeding this critical threshold operationally used for issuing warnings.

When considering the categories for storm-surge-inducing weather situations, the
tracks of the NWT and W + SWT categories overlap in certain areas (Gerber et
al., 2016). Thus, we cannot conclusively state that our model is better at predicting
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Figure A.8: Time series of all observed and predicted (quantile mapping) skew surges from
1959 to 2022 for the entire period (a) and a zoom into the year 1976 for better
visibility of particular events in an example year, containing the highest ever
recorded storm surge at Cuxhaven (b). The threshold for training is hwss ⩾ 80 cm
and the regularization method is elastic net, with the year to be predicted being
excluded from the training.

storm surges from one category over the other. Nevertheless, as long as the trig-
gering weather situation leads to westerly to northwesterly winds, which is mostly
the case, the storm surge model is able to predict the resulting storm surge very well.

Another factor contributing to extreme water levels in the North Sea is external
surges. These surges are caused by low-pressure systems over the North Atlantic and
are amplified at the continental shelf (Böhme et al., 2023). External surges can cause
water-level changes exceeding 1 m along the along the British, Dutch, and German
coasts (Böhme et al., 2023). When external surges coincide with storm surges, they
have the potential to create extreme water levels. Of the 126 external surges recorded
between 1971 and 2020, 21% occurred during or close to a storm surge event in the
German Bight (Böhme et al., 2023). Notable examples of such co-occurrences include
the storm surge in February 1962 and the one in December 2013 (Böhme et al., 2023).
For both events, the storm surge model predicted a skew surge of more than 150 cm
in December 2013 and even more than 250 cm in February 1962 (Fig. A.8a), leading
to storm surge or severe storm surge warnings. However, the actual water levels
were underestimated by approximately 50 cm, which roughly corresponds to the av-
erage influence of external surges on water levels in Cuxhaven during storm surges
(Böhme et al., 2023).
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Despite the aforementioned limitations, we find strong model performance in pre-
dicting both moderate and extreme storm surges in the German Bight.

a.5 summary and conclusions

In this study, we developed a statistical wind-based storm surge model for the Ger-
man Bight that is able to predict skew surges based solely on the effective wind. Aim-
ing for model simplicity, we identified predictor locations across the entire North Sea,
considered numerous training thresholds, and applied three different regularization
methods. The resulting storm surge model comprises only five terms: the squared
effective wind in certain grid cells at four lead times (12, 6, 2, and 1 h prior to the
skew surge event) as robust predictors, along with an intercept.

We validate the model against historical data and find that it achieves high predic-
tive accuracy, rivaling more complex models despite its simplicity. Moreover, our
findings underscore the significance of wind as the primary driver of storm surges
in the German Bight. The model provides reliable predictions for both moderate
and extreme storm surge events, with more accurate predictions for surges preceded
by westerly or northwesterly winds. In particular, the good prediction accuracy for
storm surges greater than or equal to 250 cm is a unique outcome of this study.

Furthermore, the simplicity of our storm surge model facilitates its application to
climate simulations, making it a valuable tool for assessing storm surge risk in the
German Bight under changing climate conditions, on top of sea-level rise. Addition-
ally, this approach is not only effective for the German Bight but also adaptable to
other coastal regions worldwide.

a.6 appendix

a.6.1 Identifying relevant predictor positions

To determine the location and lead time of the predictors (effwindk,t
10m (hwss)) within

the North Sea region, we create an individual statistical model for each grid cell
in the North Sea region at each time step using quadratic regression. In the follow-
ing, we refer to these models as grid cell models. In a first step, we select all time
steps of effwindk,t

10m (hwss) 12 hours before the respective occurrence of hwss ⩾ 50,
60...150 cm in Cuxhaven. Since effwindk,t

10m (hwss) is available in hourly resolution,
this corresponds to 12 time steps. We choose 12 h, as this is approximately the time
between two high tides. Since we count 2079 grid cells in the North Sea region and
consider 12 time steps, we have a total of 24 948 grid cell models for each of the 11

hwss training thresholds. The dependent variable in each model is the respective log-
arithmic hwss height, with the standardized effwindk,t

10m (hwss) serving as predictor.
As the wind stress depends on the square of the wind speed (Olbers et al., 2012), we
create the grid cell models with quadratic order.
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Figure A.9: R2 value (based on a leave-one-out-cross-validation) of each grid cell model
within the North Sea region for 12 h before the skew surge event (top left) to
1 h before the skew surge event (bottom right). The darker the color, the greater
the R2 value. The event threshold for training is hwss ⩾ 80 cm.

Once we have defined the conditions for the grid-cell models, we perform a leave-
one-out-cross-validation and calculate the coefficient of determination (R2) for each
grid-cell model. In order to obtain the most relevant grid cells for the respective sub-
sample of events, we select the grid-cell model with the highest R2 value from each
time step (Fig. A.9). As we consider the 12 h before the occurrence of hwss ⩾ 50, 60,
. . . , 150 cm, we obtain 12 grid-cell models and thus grid cells (GCt=1,..,12), each of
which contains both the relevant lead time and position in the North Sea region for
the respective hwss training threshold in Cuxhaven.

a.6.2 Performance metrics and model optimization strategies

a.6.2.1 Regularization methods

The usual regression procedure for determining the unknown coefficients in a multi-
ple linear regression model is based on the ordinary least squares (OLS) method. Its
error criterion is the minimization of the sum of the squared errors, where the error
is the difference between the actual and the predicted value (Wilks, 2011). However,
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OLS has some known disadvantages. For example, OLS is highly sensitive to outliers
in the data and can be prone to overfitting. In addition, OLS performs poorly when it
comes to accuracy in predicting unseen data and in interpreting the model (Zou and
Hastie, 2005). For the latter, the simpler the model, the more the relationship between
the dependent variable and the predictors is highlighted. The model’s simplicity is
particularly important when the number of predictors is large.

An effective method for overcoming the difficulties of OLS is regularization. It is
a method to avoid overfitting and control the complexity of models by adding a
penalty term to the model’s target function during training. The aim is to keep the
model from fitting too closely to the training data and to encourage simpler models
that are better suited to unseen data. Here, we consider three different regularization
techniques, namely ridge (Hoerl and Kennard, 1970a,b), lasso (Tibshirani, 1996) and
elastic net regression (Zou and Hastie, 2005).

The main idea behind ridge regression (Hoerl and Kennard, 1970a,b) is its ability to
strike a balance between bias and variance. This is achieved by including a penalty
term proportional to the square of the coefficients in the loss function. This approach
leads to the coefficient estimates being smaller while still having non-zero values.
The target function to be minimized becomes:

LossRidge = LossOLS + λ

n∑
j=1

β2
j , (3)

where LossOLS is the loss function of Ordinary Least Squares, λ is the regularization
parameter that defines the regularization strength and

∑n
j=1 β

2
j is the regularization

term - the sum of squared coefficients. Since large coefficients may lead to low bias
and high variance, they are penalized by adding the regularization term and effec-
tively shrink toward zero. Consequently the model becomes sensitive to fluctuations
in the data. However, ridge regression is unable to create a simple model, in the
sense of fewer predictors, as it always retains all predictors in the model. This con-
trasts with the lasso regression (Tibshirani, 1996).

Lasso regression is a method to reduce overfitting and perform predictor selection
by setting some coefficient estimates to exactly zero. For this purpose, a regulariza-
tion term proportional to the absolute value of the coefficients is added to the loss
function. The target function to be minimized becomes:

LossLasso = LossOLS + λ

n∑
j=1

|βj|, (4)

where LossOLS is the OLS loss function, λ is the regularization parameter and
∑n

j=1 |βj|

is the regularization term - the sum of absolute values of coefficients. Lasso regres-
sion simplifies the model by shrinking less important coefficients to zero, effectively
eliminating some predictors from the model. This leads to simpler and more inter-
pretable models.
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Zou and Hastie (2005) propose a third regularization method whose main principle
is to balance ridge and lasso regression by adding both ridge and lasso regularization
terms to the loss function. The target function to be minimized becomes:

LossElastic Net = LossOLS + λ1

n∑
j=1

|βj|+ λ2

n∑
j=1

β2
j , (5)

where LossOLS is the loss function of OLS, λ1 and λ2 are the regularization param-
eters for lasso and ridge penalties respectively,

∑n
j=1 |βj| is the lasso regularization

term and
∑n

j=1 β
2
j is the ridge regularization term. Elastic net regression combines

the strength of both lasso and ridge regression by balancing the selection of pre-
dictors and coefficient shrinkage, resulting in more robust and reliable predictive
models.

a.6.2.2 F1 Score

The F1 score combines precision and recall into one metric. Precision measures the
accuracy of positive predictions made by the model. It is determined by dividing
the number of true positive predictions by the total number of samples predicted as
positive, regardless of correct identification:

Precision =
TP

TP+ FP
, (6)

where TP represents true positive predictions and FP indicates false positive predic-
tions.

Recall measures the fraction of actual positives that were correctly identified by the
model. It is computed by dividing the number of true positive predictions by the
total number of samples that should have been identified as positive:

Recall =
TP

TP+ FN
, (7)

where TP refers to true positive predictions and FN to false negative predictions. The
F1 score is defined as the harmonic mean of precision and recall:

F1 = 2
PR

P+ R
, (8)

where P stands for precision and R for recall. The F1 score has its best value at 1

(perfect precision and recall) and its worst at 0.

a.6.2.3 Root-mean-square error

The root-mean-square error (RMSE) is a measure of how well the model is perform-
ing in terms of prediction accuracy, with lower values indicating better performance.
It has the same units as the observed values – in this case cm. We also determine
the 95% confidence interval for the RMSE by applying the bootstrap method. This
method involves resampling from the original dataset – here 1000 times – with re-
placements to simulate multiple scenarios.
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data availability

Water-level data for the Cuxhaven gauge are available upon request from the Water-
ways and Shipping Office Elbe-Nordsee via email (wsa-elbe-nordsee@wsv.bund.de).
The ERA5 reanalysis products used for this study are available in the Copernicus
Data Store at https://doi.org/10.24381/cds.adbb2d47 (Hersbach et al., 2023). The
skew surge data used in this study can be accessed at https://doi.bsh.de/10.60751/96dc-
te47 (Boesch, 2024).
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key points

• Under SSP5-8.5, we project an increase in the frequency of winter storm surge
events by more than 10% by the end of the century

• When combined with sea-level rise, present-day storm surge thresholds are
projected to be exceeded three to five times more often by 2100

abstract

Storm surges in the German Bight are among the North Sea’s most severe coastal haz-
ards. Assessing their future frequency and intensity is essential for evaluating coastal
risk under changing climate conditions. We apply a statistical storm surge model for
the German Bight to a CMIP6 multi-model ensemble under three emission scenarios
(SSP2-4.5, SSP3-7.0, SSP5-8.5). Across all SSP scenarios, potential storm surge situ-
ations are projected to become significantly more frequent in winter by 2100. This
increase is driven by stronger and more frequent westerly and northwesterly winds,
likely linked to storm track shifts and more frequent positive North Atlantic Oscil-
lation phases. In contrast, summer surge frequency is projected to decrease. These
seasonal trends intensify under higher-emission scenarios. In combination with local
sea-level rise projections, we find both moderate and severe present-day storm surge
thresholds being exceeded three to five times more often by 2100, especially under
high-emission scenarios.

plain language summary

Storm surges – temporary rises in sea level caused by strong winds – pose a serious
risk to people and property along the German coast. In this study, we investigate how
often and how severe these storm surges might become in the future, depending on
the level of future greenhouse gas concentrations. To do this, we use a statistical
storm surge model designed for the German Bight and apply it to a large set of
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global climate simulations. We find that by the end of the century, potential storm
surge situations are likely to become more frequent in winter. This is because winds
from the west and northwest are expected to become stronger and more frequent.
These changing wind patterns may be linked to shifts of typical storm tracks over
the North Atlantic. In contrast, storm surges are expected to happen less often in
summer. We also explore the combined effect of rising sea levels and future surges,
finding that water levels along the German North Sea Coast will more often exceed
today’s storm surge thresholds. The higher the emissions in the future, the greater
the risk becomes.

b.1 introduction

Storm surges in the German Bight – the southeastern part of the North Sea – are
among the most dangerous coastal hazards in the region. These storm surges are
caused when strong winds, particularly from northwest, push seawater towards the
coast, temporarily raising sea levels well above normal tidal ranges (Pugh and Wood-
worth, 2014). The wind climate over the North Atlantic plays a central role in shaping
the conditions that lead to storm surges in the German Bight and is characterized by
the North Atlantic Oscillation (NAO), one of the primary modes of atmospheric vari-
ability in the Northern Hemisphere which influences the climate of both the North
Atlantic and Europe (Hurrell and Deser, 2010; Wakelin et al., 2003). Wind conditions
in the German Bight are predominately characterized by south-westerly and west-
erly winds, particularly during the winter months, and are strongly influenced by
the state of the NAO (Mathis et al., 2015; Rubinetti et al., 2023). Wakelin et al. (2003)
examines the sea-level dependence on the NAO, concluding that sea-level variations
in the German Bight are primarily driven by wind patterns associated with the NAO.
Since wind is the primary driver for sea-level variability – and consequently of storm
surges – in the German Bight (Dangendorf et al., 2013), understanding how wind pat-
terns evolve under future climate scenarios is essential in order to assess long-term
coastal risks.

Recent studies increasingly focused on projecting future wind conditions in this re-
gion. Ortega et al. (2025) investigate future wind patterns under the RCP8.5 emis-
sion scenario using the regional coupled ocean-atmosphere model system MPIOM-
REMO. Their results indicate an increasing frequency and intensity of westerly winds
during the winter months, which may be linked to a predominance of the positive
NAO phase. Similarly, Schade et al. (2025) use a CMIP6 multi-model ensemble and
project an increase in frequency of westerly wind patterns under the SSP3-7.0 and
SSP5-8.5 scenarios towards 2100. These wind patterns are known to favor storm
surge events along the German North Sea Coast (Schade et al., 2025). Moreover,
Krieger and Weisse (2025) apply both a CMIP6 multi-model ensemble and the Max
Planck Institute Grand Ensemble with CMIP6 forcing. They find an increase in fre-
quency of westerly winds over the North Atlantic and northwesterly winds over the
German Bight. While their results also show a decrease in overall storm activity, they
find that the most extreme storms in the German Bight could become stronger or
more frequent under future climate conditions.
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Strong winds associated with extra-tropical cyclones along the North Atlantic storm
track – a region of frequent cyclone activity – are the primary driver of extreme storm
surges in the German Bight (Danard et al., 2004). Several studies have investigated
how climate change may affect storms and storm tracks over the North Atlantic
and how these changes are connected to changes in atmospheric circulation patterns
(Harvey et al., 2020, 2014, 2015; Lee et al., 2021; Lehmann et al., 2014; Priestley and
Catto, 2022). The IPCC’s 6th assessment report concluded that climate models show
generally low agreement regarding changes in extra-tropical cyclone density over
the North Atlantic in boreal winter (Lee et al., 2021). Priestley and Catto (2022) ana-
lyze projections from a CMIP6 multi-model ensemble and find that the total number
of cyclones over the North Atlantic decreased by the end of the century, with a
more pronounced decrease under higher emission scenarios. During the Northern
Hemisphere winter, their results indicate an extension of the North Atlantic storm
track into Europe, along with a reduction in cyclone activity over the Mediterranean.
Despite the overall decline in cyclone frequency, Priestley and Catto (2022) project
an increase in the number of intense cyclones that impact Northern Europe during
winter. These findings are consistent with Harvey et al. (2020), who, based on a com-
prehensive analysis of 19 CMIP3, 38 CMIP5, and 14 CMIP6 models, conclude that
the climate change response of the North Atlantic storm track is a strengthening and
extension of the winter storm track into Europe. These projected changes in storm
track and cyclone intensity are of particular relevance for the German Bight, where
wind fields associated with extra-tropical cyclones largely determine storm surge
magnitudes.

While future wind conditions have been increasingly investigated, relatively few
studies have focused on how these projections translate into corresponding surge
heights. Mayer et al. (2022) used a regionalized ensemble of 30 MPI-ESM1.1-LR
members, downscaled with MPIOM-REMO under RCP8.5, to analyze future storm
surge characteristics in the German Bight. They find an increase in frequency and
duration of storm surges by the end of the century, however extreme events show
no clear climate-driven change. They link these changes primarily to the increasing
frequency of strong westerly winds. Using MPIOM-REMO, Lang and Mikolajewicz
(2020) likewise find an increased frequency of extreme high sea levels under rising
CO2 concentrations in the German Bight, even without taking mean sea-level rise
into account. They attribute this to enhanced large-scale storm track activity and
stronger westerly wind speed extremes over the region. Irazoqui Apecechea et al.
(2025) introduce a hybrid statistical downscaling model to project future extreme
storm surges across Europe using a large CMIP6 ensemble. In contrast to previous
studies, their results show no robust change in surge intensity for the southern North
Sea by 2100. This indicates that region-specific models or tailored methods may be
required to better capture storm surge dynamics in the southern North Sea.

Estimating future storm surge heights is essential in evaluating potential coastal
risks, especially as accelerating sea-level rise in the North Sea (Steffelbauer et al.,
2022) raises the baseline for storm surges. However, most existing studies rely on a
single climate model or emission scenario, limiting the robustness of their projections.
This highlights the need to use multi-model ensembles for predicting storm surge
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heights in order to improve the robustness of future projections. Addressing this gap,
this study uses a CMIP6 multi-model ensemble combined with a simple statistical
storm surge model (Schaffer et al., 2025), specifically tailored for Cuxhaven – a city
serving as a proxy for the German Bight – to estimate future storm surge intensity.
Specifically, it aims to (i) analyze future frequency of predicted surges, (ii) examine
wind conditions driving high surges, and (iii) provide a rough estimate of future
high tide water levels in Cuxhaven by combining projected surges with sea-level
rise.

b.2 methods and data

b.2.1 CMIP6 Multi-Model Ensemble

In this study, we use the output of climate models from the sixth phase of the Cou-
pled Model Intercomparison Project (Eyring et al., 2016, CMIP6). Specifically, we use
the zonal (uas) and meridional (vas) components of the 10-meter wind from the
historical simulations covering the period 1960-2014, as well as projections from fu-
ture scenario simulations under SSP2-4.5, SSP3-7.0 and SSP5-8.5 forcings, which span
the years 2015-2100. We include only those CMIP6 models for which wind data are
available at three-hourly resolution for both historical and scenario simulations, and
where the realization is used across the historical and future periods. Based on these
criteria, we select nine different climate models with in total 25 ensemble members
for our analysis (Table S1).

b.2.2 Sea-Level Rise Data

We use sea-level rise (SLR) projections for Cuxhaven for the period 2070-2100 under
three emission scenarios – SSP2-4.5, SSP3-7.0, and SSP5-8.5 – based on a newly devel-
oped dataset by Jensen et al. (2025). This dataset combines IPCC projections of total
sea-level change (Garner et al., 2022) with a high-resolution land elevation model
for Fennoscandia (Vestøl et al., 2019), resulting in an optimized set of relative sea-
level projections for the North Sea and Baltic Sea regions. As the data is available at
decadal resolution, we perform linear interpolation to generate a three-hourly time
series, enabling us to combine the SLR data with the projected wind surges.

b.2.3 Mean High Water Data

To obtain a rough estimate of future water levels at Cuxhaven during high tide, we
combine projected wind surges and SLR with the mean high water level. We calculate
the mean high water (MHW) for the reference period 1995-2014 by averaging the
annually computed mean high waters over these years (Boesch, 2025).

b.2.4 Statistical Storm Surge Model

Schaffer et al. (2025) developed a simple statistical storm surge model for the Ger-
man Bight based on multiple linear regression, using the grid cell-specific effective
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wind as predictor variable. The simplicity of the statistical model allows its appli-
cation to climate projections. However, the statistical model is based on an hourly
temporal resolution, which limits its direct applicability to climate model output,
where the highest available temporal resolution is typically three-hourly. To address
this limitation, we re-train the statistical model using three-hourly data. Specifically,
we use the same input data as in the hourly model – grid cell-specific effective wind
calculated from the zonal and meridional wind components from the ERA5 reanal-
ysis (Hersbach et al., 2020) over the period 1959-2022 – but modify the dataset by
first selecting three-hourly time steps. Throughout the re-training process, we follow
the same statistical approach described in Schaffer et al. (2025). The statistical storm
surge model trained on three-hourly grid cell-specific effective wind speed data per-
forms comparably to the hourly model, demonstrating high predictive skill with a
correlation coefficient of 0.88. It achieves this performance with just three terms: the
effective wind speed at two locations with different lead times (12 and 3 hours before
the surge) within the North Sea region, plus an intercept (Fig. S1).

To apply the statistical storm surge model to climate projections, we use grid cell
specific effective wind speed values derived from the CMIP6 multi-model ensemble
(Sect. B.2.1) as input. The statistical storm surge model requires these effective wind
values at specific North Sea locations and lead times. As climate models differ not
only in temporal but also in spatial resolution, we select, for each climate model
individually, the grid cells nearest to the original locations to account for their coarser
grid. Subsequently, by applying all statistical methods described in Schaffer et al.
(2025), we obtain wind surge projections for both the historical period and three
future scenarios: SSP2-4.5, SSP3-7.0, and SSP5-8.5. The projected wind surge refers
to the wind-driven component of coastal water elevation during high tide, as the
statistical model is trained exclusively on high water skew surges (Boesch, 2024).
Since climate models do not include tidal information, we calculate the wind surge
independently at every three-hour interval.

b.3 results

b.3.1 Frequency of Projected Wind Surges

We apply the statistical storm surge model (Sect. B.2.4) to both historical and future
wind conditions from the CMIP6 multi-model ensemble (Sect. B.2.1). This allows us
to assess future wind surge heights in the German Bight under different SSP scenar-
ios to compare impacts across emission pathways. Figure B.1 shows the projected
frequency of wind surge events for the historical period (1985-2014) and the end of
the century (2071-2100), separately for winter (Fig. B.1a, b) and summer (Fig. B.1c, d)
months, along with changes relative to the historical period. We assess statistically
significant changes by bootstrapping (1000 resamples) the historical data for each
season and testing whether future scenario values fall outside the 95% confidence
interval. We find a significant increase in the frequency of winter wind surge events
across all SSP scenarios by 2100, including events exceeding 150 cm, which is the
official threshold for storm surges in the German Bight (MHW plus 150 cm) (BSH,
2025a). For events above this threshold, the increase exceeds 10% under the SSP5-8.5
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scenario (Fig. B.1b). In contrast, summer projections indicate a decrease in positive
wind surge events compared to the historical period, with stronger declines under
higher forcing.
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Figure B.1: Top panel: Annual counts of positive wind surge events, categorized into 30 cm
bins, based on the output of the statistical storm surge model applied to the
CMIP6 multi-model ensemble. Results are shown for winter (DJF) (a) and sum-
mer (JJA) (c) months during the historical period (1985–2014; gray) and projected
for the end of the century (2071–2100; reddish colors) under different SSP scenar-
ios. Vertical error bars represent the ensemble spread. Stars indicate statistically
significant changes. Bottom panel: Projected changes in event frequency by bin
at the end of the century compared to the historical period for DJF (b) and JJA
(d).

Additionally, we conduct a seasonality analysis to assess whether climate change
affects the timing and distribution of storm surges throughout the year. In contrast
to Mayer et al. (2022), who report a shift in seasonality from the last to the first
quarter of a year, we do not find significant changes in the overall seasonality of
storm surges or mean wind surge events (Fig. S2 and S3).

b.3.2 Future Wind Conditions Linked to High Surges

To investigate the changes in wind conditions that contribute to an increased fre-
quency of storm surge events during winter – defined here as wind surges ⩾ 150 cm
– we perform a composite analysis of wind speed and direction 12 and three hours
prior to potential storm surge events. We choose these specific lead times as the
statistical storm surge model used to compute the wind surges relies on wind infor-
mation from these points in time (Sect. B.2.4). We conduct this analysis for both the
historical period and the future climate projection under the SSP5-8.5 scenario. We
provide the number of events from each climate model contributing to this analysis
in Table S2.
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Figure B.2: Atmospheric conditions linked to ⩾ 150 cm wind surges in Cuxhaven based on
the CMIP6 multi-model ensemble. White stars indicate the grid cells used as in-
put for the statistical storm surge model. Top panel: Composite analysis of wind
speed (color shading) and wind direction (black arrows – displayed in unit length)
12 (a) and 3 (b) hours before wind surge events ⩾ 150 cm during the historical
period (1985-2014). Middle panel: Projected changes in wind speed associated
with ⩾ 150 cm wind surges under SSP5-8.5 by 2071-2100, relative to 1985-2014.
Shown for 12 (c) and 3 (d) hours before wind surge events. Color shading shows
wind speed differences; black arrows indicate historical wind direction; red ar-
rows show projected wind direction – both displayed in unit length. Stippling
marks areas with non-significant wind speed changes. Bottom panel: Wind roses
showing wind conditions at the locations marked by white stars, 12 (e and f) and
3 (g and h) hours before ⩾ 150 cm wind surge events. Results are shown for
the historical period (1985-2014) and end of the century (2071-2100) under the
SSP5-8.5 scenario. Values indicate event counts.

In the historical period, we find predominantly westerly winds 12 hours before
potential storm surge events, along with high wind speeds over the North Sea
(Fig. B.2a). Three hours before, winds shift to northwesterly directions, accompanied
by a further intensification of wind speeds over the North Sea (Fig. B.2b). Towards the
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end of the century, under the SSP5-8.5 scenario, wind speeds increase significantly
in the southern North Sea both 12 and three hours prior to the events compared to
the historical period (Fig. B.2c, d). In contrast, wind speeds decrease to the north
and south of this region. A closer look at the wind conditions used as input in the
statistical storm surge model (white stars in Fig. B.2a-d) shows that, despite a signif-
icant decrease in wind speed 12 hours before the potential storm surge events, the
frequency of westerly winds increases (Fig. B.2e, f). Three hours before the events,
wind speed increases significantly, accompanied by a higher frequency of westerly
and northwesterly winds in the German Bight (Fig. B.2g, h).

Previous studies report a rise in frequency (Ortega et al., 2025; Schade et al., 2025)
and intensity (Ortega et al., 2025) of westerly winds during winter in the German
Bight, a trend we similarly observed in our analysis of the mean winter wind climate
(Fig. S4 d-f). However, these changes are more pronounced during high surge events
(Fig. B.2). Mayer et al. (2022) link the rising frequency of westerly winds to increased
storm surge potential. Our analysis supports this interpretation but also suggests
that increasing wind speed may raise storm surge frequency. In particular, the com-
bination of more frequent westerly and northwesterly winds, along with a significant
increase in wind speed over the southern North Sea, is important in contributing to
the higher frequency of winter storm surge events by the end of the century.

b.3.3 Combined Effect of SLR and Projected Wind Surges on Water Levels

While wind-driven water level elevations are a key factor contributing to extreme
coastal water levels, they represent only one part of the broader picture. The most
critical factor in the long term is the ongoing rise in mean sea level. Here, we combine
these two components to provide a rough estimate of potential future coastal water
levels during high tide by the end of the 21st century, focusing on winter only, as
this represents the main storm surge season. To do so, we add projections of SLR
(Sect. B.2.2) and wind surges (Sect. B.3.1) to the historical MHW in Cuxhaven (1995-
2014), which is approximately 650 cm above gauge zero. For the historical period,
we combine MHW with historical wind surges, while for future scenarios, we add
projected wind surges and SLR. This enables assessment of changes relative to the
historical water levels. Across all future scenarios, we find a clear increase in high
water levels in winter compared to the historical period. Notably, winter water levels
exceeding the present storm surge threshold of 800 cm at Cuxhaven – which occurred
on average 9 times per year during the historical period – become significantly more
frequent by the end of the century, increasing to 33 (SSP2-4.5), 38 (SSP3-7.0), and 47

(SSP5-8.5) events per year (Fig. B.3). Even for the present threshold of a severe storm
surge (900 cm), we find a significant increase: while such levels occurred on average
once per year during the historical period, they rise to 4 (SSP2-4.5), 5 (SSP3-7.0), and
6 (SSP5-8.5) events per year by the end of the century (Fig. B.3).

A notable feature is the shift in scenario ordering across the water level bins. From
710 cm onward, higher-emission scenarios show a stronger increase in the frequency
of water levels within each bin. In contrast, closer to the historical MHW (650 cm),
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Figure B.3: Annual counts of winter water level above gauge zero at Cuxhaven for the his-
torical period (1995-2014; gray), representing the combined effect of MHW and
historical wind surges. Projections for the end of the century (2071-2100; reddish
colors) include the combined effect of MHW, projected wind surges, and pro-
jected SLR under different SSP scenarios. Wind surges (historical and projected)
are based on the output of the statistical storm surge model applied to the CMIP6

multi-model ensemble. Water levels are grouped into 30 cm bins from 650 cm to
800 cm and into 100 cm bins from 800 cm to 900 cm. Stars indicate statistically
significant changes. Vertical error bars represent the ensemble spread.

this order is reversed, with lower-emission scenarios showing higher frequencies.
We explain this reversal by stronger SLR in higher-emission scenarios, which makes
lower water levels less frequent and requires more negative wind surges to reach
historical levels.

b.4 discussion

While Irazoqui Apecechea et al. (2025) report no robust changes in surge intensity for
the southern North Sea, we find significant changes in surge intensity for the German
Bight by applying a region-specific statistical storm surge model to climate projec-
tions. The projected increase in frequency of wintertime positive wind surges aligns
with previous studies focusing on the German Bight (Lang and Mikolajewicz, 2020;
Mayer et al., 2022), which, however, rely on single-model experiments. In contrast,
we use a CMIP6 multi-model ensemble to strengthen the robustness of the signal.
Similar to Lang and Mikolajewicz (2020), we find a clear seasonal contrast, with an
increase in positive wind surge events during winter and a decrease in summer. This
seasonal divergence appears to be linked to regional shifts in wind patterns. In sum-
mer, Lang and Mikolajewicz (2020) report a significant decrease in mean wind speed
and more northerly winds in the North Sea, both of which are confirmed by our anal-
ysis (Fig. S4 a-c). Supporting this, Heinrich et al. (2025) find a robust decline in the
frequency of cyclonic West days over Europe during summer, based on CMIP6 pro-
jections. Together, these changes in wind speed, direction, and synoptic conditions
likely contribute to the reduced frequency of extreme sea levels in summer (Lang
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and Mikolajewicz, 2020), consistent with our findings. In winter, a different pattern
emerges. Heinrich et al. (2025)report an increase in westerly wind patterns favorable
to storm surges in the German Bight, which is independently confirmed by Schade
et al. (2025) using a CMIP6 multi-model ensemble similar to ours. Targeting the Ger-
man Bight, Ortega et al. (2025) and Krieger and Weisse (2025) identify increasing
westerly and northwesterly winds, a trend also evident in our analysis of wind direc-
tion and speed during storm surge events. These changes in wind conditions likely
explain the increased occurrence of positive wind surges in the German Bight. Fur-
thermore, we find that the increase in storm surge events may not only result from
more frequent westerly and northwesterly winds (Mayer et al., 2022), but also from
a significant rise in wind speed over the southern North Sea under storm conditions.
Changes in wind and storm surge patterns are linked to large-scale circulations,
especially storm tracks. In winter, storm track density increases over northwestern
Europe, especially around the British Isles, while decreasing over southwestern Eu-
rope and the Norwegian Sea, with the strongest changes occurring under SSP5-8.5
(Harvey et al., 2020; Priestley and Catto, 2022). This tri-polar pattern – enhanced ac-
tivity over northwestern Europe, reduced activity to the south and north – mirrors
our analysis of wind conditions associated with storm surges in the German Bight.
In contrast, summer shows a broad reduction in storm track density across North-
ern Europe, especially under higher-emission scenarios (Priestley and Catto, 2022),
reducing cyclone activity and associated storm surge risk. These seasonal shifts in
storm track density align with our findings on the changing frequency of potential
storm surge events.

These changes in storm track behavior and associated storm surge risk are closely
linked to the NAO (Mitevski et al., 2025). Using CMIP5 and CMIP6 climate models,
Mitevski et al. (2025) isolate the CO2 response of the NAO and find a shift toward
more positive and less variable phases, in both winter and summer. This includes an
increase in extreme NAO+ events and a decline in extreme NAO- events, especially
in winter, resulting in more frequent westerly winds across Europe and the North
Atlantic. Our results are consistent with this response, suggesting that the increased
occurrence of NAO+ conditions likely contributes to the projected rise in storm surge
events in the German Bight.

Nonetheless, our method has certain limitations. Our approach relies on a statistical
storm surge model using effective wind from two grid cells. During training, the
model identifies and fixes wind directions at each grid cell for the historical time
period that favor high surges in Cuxhaven. This fixed setup limits the model’s abil-
ity to capture future shifts in surge-triggering wind directions. However, such shifts
are unlikely in the German Bight, where the coastline shape constrains storm surge-
driving winds to predominantly northwesterly directions. Thus, our method can still
reliably assess changes in the frequency and magnitude of surge-relevant wind con-
ditions.

Another factor is the three-hourly resolution of the multi-model data. With our ap-
proach, we assume high tide at every time step to estimate wind surge frequency.
Since high tide occurs only twice daily, this leads to an overestimation of absolute
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event counts. However, the relative increase in frequency and change ratios still re-
flect the expected trends under future climate conditions. This affects not only the
projected frequency of wind surges but also our assessment of their combined effect
with SLR.

To estimate the joint effect of SLR and projected wind surges on water levels in Cux-
haven, we apply several simplifying assumptions. While it is known that wind surge
behavior can change with increasing water depth, we follow Sterl et al. (2009) in as-
suming that the hydrodynamic response to SLR is neutral, allowing us to add SLR
linearly to wind surge projections. We use sea-level projections specifically developed
for the North and Baltic Seas, assigning the nearest available grid cell as representa-
tive for Cuxhaven. Additionally, we assume a constant MHW level of 650 cm, even
though MHW is expected to rise slightly faster than mean sea level. As a result, the
combined effect reflects a rough estimate relative to present-day MHW and existing
thresholds for storm surge classification. Despite these simplifications, the approach
provides a useful first-order estimate of future water level heights under climate
change.

b.5 conclusion

We present a comprehensive assessment of future storm surge risk in the German
Bight by applying a simple statistical storm surge model to a CMIP6 multi-model
ensemble under three emission scenarios: SSP2-4.5, SSP3-7.0, and SSP5-8.5. By us-
ing this multi-model ensemble, we provide a more robust estimate than previous
single-model approaches. Our results show a significant increase in the frequency
of positive wind surges during winter, particularly under higher-emission scenar-
ios, while summer surge events are projected to decline. These results are consistent
with previous single-model studies focusing on the German Bight. Notably, we find
that the frequency of extreme wind surge events (⩾ 150 cm), classified as storm
surges, increases by more than 10% under SSP5-8.5 by 2100. This increase is primar-
ily driven by more frequent westerly and northwesterly wind conditions, combined
with stronger wind speeds over the southern North Sea. These changes in wind pat-
tern are closely linked to changes in storm track dynamics and increased occurrence
of positive NAO phases under future climate conditions.

The combination of projected wind surges and SLR leads to substantial increase in
coastal water levels during high tide in Cuxhaven, especially under higher-emission
scenarios. We find both moderate and severe present-day storm surge thresholds
being exceeded three to five times more often by 2100 compared to the historical
period. Despite methodological simplifications, the results offer a rough estimate of
how climate change may impact extreme coastal water levels in the German Bight.
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SUPPORTING INFORMATION FOR "FUTURE STORM
SURGE RISK IN THE GERMAN BIGHT"
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contents of this file

1. Figures S1 to S4

2. Tables S1 to S2

introduction

Included in this supporting information are:

• Predictor locations and lead times of the three-hourly statistical storm surge
model (Figure S1).

• Daily 31-day running mean and 99.45th percentile wind surge values for histor-
ical and end-of-century periods across all SSP scenarios, based on multi-model
ensemble output (Figure S2).

• Monthly frequency of extreme wind surge events (⩾ 150 cm) during the histori-
cal and end-of-century periods across all SSP scenarios, based on a multi-model
ensemble (Figure S3).

• Projected changes in mean wind speed and direction for summer and winter
by the end of the century compared to the historical period, shown for all SSP
scenarios using CMIP6 multi-model ensemble data (Figure S4).

• List of the nine different CMIP6 models used in the analysis, including associ-
ated ensemble sizes (Table S1).

• Number of extreme wind surge events (⩾ 150 cm) and ensemble sizes for each
climate model included in the composite analysis (Table S2).
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12h

9h
6h

3h

Figure S1: Predictor locations used in the statistical storm surge model, trained on three-
hourly data for high water skew surges (⩾ 80 cm) across the North Sea. Red
crosses indicate grid cells retained after elastic net regression, with lead times (in
hours) labeled above each location; non-selected grid cells are shown faded.
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Figure S2: 31-day running mean wind surge (a) and 99.45th percentile wind surge (b) for the
historical period (1985-2014; gray) and the end of the century (2071-2100; reddish
colors), shown for all three SSP scenarios: SSP2-4.5, SSP3-7.0, and SSP5-8.5. All
values are shown for each day of the year. Wind surge values are based on the
output of the statistical storm surge model applied to the multi-model ensemble.
The bold lines represent the ensemble mean, with the shaded areas indicating the
95% confidence interval.
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Figure S3: Number of wind surge events ⩾ 150 cm for each month of the year during the his-
torical period (1985-2014; gray) and at the end of the century (2071-2100; reddish
colors), shown for all three SSP scenarios: SSP2-4.5, SSP3-7.0, and SSP5-8.5. Wind
surge values are based on the output of the statistical storm surge model applied
to the multi-model ensemble.
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Figure S4: Changes in mean wind speed during the summer months (a-c) and the winter
months (d-f) by the end of the century (2071-2100) compared to the historical
period (1985-2014). Changes are indicated by color shading and are shown for
the three SSP scenarios, based on the wind data from the CMIP6 multi-model
ensemble. Black arrows represent the mean wind direction during the historical
period, while red arrows show the projected wind direction at the end of the
century. Stippling indicates areas where wind speed changes are not statistically
significant.
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Table S1: List of the nine CMIP6 models used in this study, along with their ensemble sizes.

Number of Ensemble Members
Model Historical SSP2-4.5 SSP3-7.0 SSP5-8.5 Reference

AWI-CM-1-1-MR 1 1 1 1 Semmler et al. (2018)
BCC-CSM2-MR 1 1 1 1 Wu et al. (2019)
CMCC-CM2-SR5 1 1 1 1 Cherchi et al. (2019)
CNRM-CM6-1-HR 1 1 1 1 Voldoire et al. (2019)
EC-Earth3 1 1 1 1 Döscher et al. (2022)
IPSL-CM6A-LR 6 6 6 6 Boucher et al. (2020)
MIROC6 3 3 3 3 Tatebe et al. (2019)
MPI-ESM1-2-LR 10 10 10 10 Mauritsen et al. (2019)
MRI-ESM2-0 1 1 1 1 Yukimoto et al. (2019)

Table S2: Number of wind surge events (⩾ 150 cm) from each climate model contributing to
the composite analysis, along with the corresponding ensemble size.

Number of Wind Surge Events (⩾ 150 cm)
Model Ensemble size Historical (1985-2014) SSP5-8.5 (2071-2100)

AWI-CM-1-1-MR 1 595 697

BCC-CSM2-MR 1 366 615

CMCC-CM2-SR5 1 420 499

CNRM-CM6-1-HR 1 424 484

EC-Earth3 1 440 370

IPSL-CM6A-LR 6 2874 3533

MIROC6 3 1212 1124

MPI-ESM1-2-LR 10 4921 5279

MRI-ESM2-0 1 589 406
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