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Abstract

The intensity of extreme precipitation is projected to increase with global warming,
increasing the risk of flooding. To effectively adapt to this risk, it is essential to un-
derstand regional changes in extreme precipitation, including the frequency, duration
and temporal profile of precipitation events. Conventional regional climate models
parametrise convection, which severely limits their ability to accurately simulate ex-
treme precipitation events. High-resolution simulations at the convection-permitting
scale (1-4km) offer improvements, but due to the high computational demands, pre-
vious convection-permitting simulations for Germany have been limited to time slice

simulations, typically with single realisations and a temporal resolution of 1 h.

This thesis presents a detailed analysis of the KIT-KLIWA ensemble, to improve the
understanding of extreme precipitation in a warming climate, in particular for short
duration events. The KIT-KLIWA ensemble consists of four global climate models
downscaled with the regional climate model COSMO-CLM to a convection-permitting
scale of 2.8 km. This ensemble provides the first transient convection-permitting model
(CPM) projections for southern Germany from 1971 to 2100, including unique 5-minute

precipitation simulations for selected periods.

In line with practical engineering requirements, we assess changes in future extreme
precipitation across a range of scales (return periods from 1 to 100 years and durations
from 1 hour to 3 days). The CPM ensemble projects an increase in return levels of up
to 8.5 % per 1°C increase in global warming level, with the largest changes for short
durations and long return periods. Our analysis highlights the importance of transient
datasets, as opposed to time-slice experiments, to increase confidence in the climate

change signal, especially for precipitation intensities over long durations.

Given the limitations of conventional extreme value analysis, we developed an event-
based analysis method that assesses the temporal precipitation event profile. By
evaluating the historical CPM simulations with observational station and radar data,
this method reveals a tendency for CPMs to overestimate longer events and a bias in the
representation of heavy, short-duration convective events. For extreme events leading to
1-hour and 6-hour annual maximum precipitation intensities, simulated 5-minute peak
intensities agree with the radar data, but remain below the intensity maxima in the
station data. The CPM ensemble reproduces the dominant front-loaded shape of the

temporal profile of 1-hour annual maximum events in agreement with observations.

Applying the event-based method to future projections, the CPM ensemble shows
an increase in the mean intensity of a precipitation event (total event precipitation
sum/duration). Moreover, unprecedented events with record-breaking mean intensity
for all event durations occur with global warming. Seasonal changes reveal fewer long
(12-24h) and medium (3-12h) duration events in summer, but more in winter, and a
slight increase in short duration events (1-3h) across the year. The frequency of extreme

precipitation events increases, particularly in summer.




Our analysis of precipitation event profiles shows that warmer conditions lead to
more peaked and front-loaded profiles, likely due to a shift from stratiform to convec-
tive precipitation. This apparent scaling relationship does not necessarily translate
into a distinct climate change signal for extreme summer events, as they are already
predominantly convective. We note that the event-associated temperature — evaluated
over the 2-m air temperature on the day of the event — increases more rapidly with
global warming for extreme events than for moderate events. We thus emphasise the
importance of assessing the evolution of atmospheric conditions associated with extreme

precipitation events to understand the projected changes.

The analysis of the novel KIT-KLIWA ensemble highlights the need for updated
heavy precipitation products for climate adaptation that are also valid in a warmer
future climate. Using a resolution of 5 min, we show that CPMs reproduce precipitation
event profiles, which represents a significant advance in the practical application of
CPMs. The integration of CPMs into impact models could be key to facilitating effective
adaptation measures for resilient drainage design and flood protection in a warmer

world.
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Kurzfassung

Die Intensitét von Starkniederschlégen hat in den letzten Jahrzehnten als Folge des Kli-
mawandels zugenommen und Projektionen sagen eine weitere Zunahme voraus. Um effek-
tive Anpassungsmafinahmen an das dadurch zunehmende Hochwasserrisiko entwickeln zu
konnen, ist es entscheidend, die regionalen Veranderungen von Starkniederschlagsereignis-
sen nicht nur hinsichtlich ihrer Intensitét, sondern auch hinsichtlich ihrer Hiufigkeit,
Dauer und ihres zeitlichen Profils zu verstehen. Regionale Klimamodelle basieren auf
einer Parametrisierung von Konvektion und kénnen Starkniederschlagsereignisse daher
nicht mit der notwendigen Genauigkeit abbilden. Hochauflésende, so genannte kon-
vektionserlaubende Modelle (CPM, 1-4km Auflésung) kénnen Niederschlagsereignisse
deutlich realistischer abbilden. Aufgrund der hohen Rechenzeiten beschrénken sich diese
fir Deutschland verfiigbaren Simulationen derzeit auf Simulationen von Zeitscheiben,
und in der Regel auf Simulationskonfigurationen mit einer einzigen Realisierung und

Beschriankung der zeitlichen Auflésung auf eine Stunde.

Um das Versténdnis zukiinftiger Starkniederschlagsereignisse, insbesondere solcher
von kurzer Dauer, zu verbessern, stellen wir das KIT-KLIWA Ensemble vor. Es besteht
aus vier COSMO-CLM Modellldufen mit einer Auflésung von 2,8 km, die mit vier
globalen Klimamodellen angetrieben werden. Dieses Ensemble liefert die ersten tran-
sienten konvektionserlaubenden Ensembleprojektionen fiir Siiddeutschland, mit einem
Simulationszeitraum von 1971 bis 2100 sowie derzeit einzigartige 5-min Niederschlagssim-

ulationen fiir ausgewéhlte Zeitrdume.

Basierend auf den Anforderungen der Praxis untersuchen wir das Klimadnderungssig-
nal von Starkniederschldgen auf verschiedenen Skalen (Wiederkehrperioden von 1 bis
100 Jahren und Dauerstufen von 1 Stunde bis 3 Tage). Das CPM Ensemble projiziert
eine Zunahme der Wiederkehrwerte von bis zu 8,5 % pro 1°C Anstieg des globalen
Erwirmungsniveaus, mit den groBten Anderungen fiir kurze Dauerstufen und lange
Wiederkehrperioden. Die Sensitivitdtsanalyse zeigt den Mehrwert von transienten Daten-
sdtzen gegeniiber Zeitscheiben-Experimenten, mit einer zuverldssigeren Abschétzung

des Klimadnderungssignals, insbesondere fiir Intensititen langer Dauerstufen.

Um die Einschréankungen der klassischen Extremwertanalyse zu iiberwinden, die
auf Intensititen einer festen Dauerstufe basiert, haben wir eine ereignisbasierte Anal-
ysemethode entwickelt. Diese zeigt in den historischen Simulationen im Vergleich
zu Beobachtungsdaten eine Tendenz zur Uberschitzung lang andauernder Ereignisse
im CPM Ensemble und Defizite in der Simulation der Haufigkeit kurz andauernder
konvektiver Ereignisse. Fiir Extremereignisse, die zu 1-stiindigen und 6-stiindigen Jahres-
maxima fithren, stimmen die simulierten 5-min Spitzenintensitdten mit den Radardaten
iiberein, liegen aber unter den Intensitdtsmaxima der Stationsdaten. Das CPM Ensemble
reproduziert die dominant auftretenden frontbetonten zeitlichen Niederschlagsprofile

der 1-stiindigen Jahresmaxima.
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Bei Anwendung der ereignisbasierten Methode auf die Klimaprojektion zeigt das
CPM Ensemble eine Zunahme der mittleren Niederschlagsintensitit der Ereignisse, sowie
das Auftreten von Ereignissen mit Rekordwerten der mittleren Niederschlagsintensitét
fiir alle Ereignisldngen. Die Verdnderungen im Jahresgang fiihren zu einer Abnahme der
langen (12-24h) und mittleren (3-12h) Ereignisse im Sommer und einer Zunahme im
Winter. Kurze Ereignisse (1-3h) nehmen tiber das Jahr hinweg leicht zu. Die Héufigkeit

von Starkniederschlagen nimmt vor allem im Sommer zu.

Unsere Analyse der Charakteristika der zeitlichen Niederschlagsprofile zeigt, dass
wéirmere Bedingungen zu einem héheren Anteil der Spitzenintensitit am Gesamtnieder-
schlag und zu mehr frontbetonten Profilen fiihren, was durch eine Verschiebung von
stratiformem zu konvektivem Niederschlag erkléart werden kann. Dieser Zusammen-
hang spiegelt sich jedoch nicht in einem Klimadnderungssignal fiir sommerliche Ex-
tremereignisse wider, da diese bereits tiberwiegend konvektiv sind. Die Analyse der Tem-
peraturbedingungen, unter denen Niederschlagsereignisse auftreten — ausgewertet iiber
die 2-m Lufttemperatur am Tag des Ereignisses — zeigt, dass diese Event-Temperatur
fiir Extremereignisse mit der globalen Erwérmung schneller ansteigt als fiir moder-
ate Ereignisse. Das Ergebnis unterstreicht die Bedeutung der Entwicklung der atmo-
sphérischen Bedingungen im Zusammenhang mit Extremereignissen fiir das Verstdndnis

von Starkniederschldgen im Klimawandel.

Die Analyse des neuen KIT-KLIWA Ensembles verdeutlicht die Notwendigkeit ak-
tualisierter Starkregengefahrenprodukte, die auch in einer warmeren Welt Bestand
haben. Durch die Verwendung einer hohen zeitlichen Auflésung von 5 Minuten zeigen
wir, dass zeitliche Niederschlagsprofile in CPMs mit der erforderlichen Genauigkeit
wiedergegeben werden. Dies stellt einen bedeutenden Fortschritt in der praktischen
Anwendung von CPMs dar. Die Integration von CPMs in die hydrologische Model-
lierung bietet das Potential fiir die Entwicklung effektiver Anpassungsmafinahmen fiir
eine resiliente Siedlungsentwésserung und den Hochwasserschutz in einer wiarmeren

Welt.
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1 | INTRODUCTION

From 12 to 15 July 2021, a severe flood event struck western Germany and the neigh-
bouring regions in the Netherlands, Belgium, Luxembourg, and France. An extensive
slowly-moving low-pressure centre over Central Europe advected extremely humid air
masses to the region, resulting in local extreme rainfall of 100 to 150 mm during the
event. The precipitation over the complex terrain with steep valleys led to record-
breaking discharges between 400 and 700 m?/s, which were reconstructed in the river
Ahr. The flood event claimed 170 lives, left over 800 people seriously injured and caused
an estimated total damage of 32 billion euros (Mohr et al., 2023). The public discourse
quickly turned to the question of whether climate change has shaped the event. Indeed,
an attribution study confirmed that global warming had increased the likelihood of such
an event by a factor between 1.2 and 9 compared to a 1.2 K colder climate (Kreienkamp
et al., 2021).

This event is not an isolated case. The sixth Assessment Report of the Intergovern-
mental Panel on Climate Change (IPCC) concluded that the frequency and intensity of
extreme precipitation in Europe has “likely” increased and will “likely” increase further
with additional global warming to a global warming level of 2°C (IPCC, 2021). This
change is primarily driven by the increasing capacity of warmer air to hold more moisture,
a thermodynamic effect that leads to approximately 6 to 7 % more precipitable water per
degree of temperature increase at constant relative humidity. As a second mechanism,
dynamic processes — from small, cloud-scale to large-scale circulation patterns — impact
the climate change signal of extreme precipitation (Fowler et al., 2021a). Dynamic effects
dampen or amplify the change signal and can cause regionally substantial differences
from the global increase (Fowler et al., 2021a; Pfahl et al., 2017; Santos et al., 2016).

The importance of understanding past and future changes in extreme precipitation
arises from the fact that extreme precipitation is a multifaceted hazard: It serves as the
key driver of flooding, can trigger landslides and especially urban areas are vulnerable
to flash floods. The risk assessment frameworks in place often rely on historical data
(Wasko et al., 2021). For instance, the Germany-wide rainfall risk dataset KOSTRA,
provided by the national weather service, Deutscher Wetterdienst (DWD), is based on




Chapter 1. Introduction

observations from 1951 to 2020. KOSTRA provides estimates of precipitation intensities
of events with return periods of up to 100 years and serves as a foundation for many
heavy rainfall risk frameworks on the state-level in Germany (DWA, 2012). However,
past observed data may no longer represent the increasing frequency and intensity of
extreme weather events and fails to represent future climate risks. Updated guidelines

and infrastructure design standards are therefore urgently needed (Wasko et al., 2021).

Some countries have taken steps to address these gaps by incorporating “climate
uplifts” — or amplification/allowance factors — into their infrastructure planning (Wasko
et al., 2021). For example, in Europe, the UK (UK Environment Agency, 2022), Belgium
(Willems, 2011), and Denmark (Arnbjerg-Nielsen, 2008) have adopted guidelines that
account for projected increases in precipitation under future climate scenarios. In Ger-
many, while some states have started to include climate change factors in flood guidelines
(Hennegriff, 2007), there is still no formal consideration of climate intensification of
heavy precipitation in drainage system design (DIN EN 752; DIN 1986-100).

While these approaches are promising, the scientific uncertainty surrounding regional
changes in precipitation remains high. Observational data are often limited, especially
at high temporal resolution, and natural variability confounds the analysis (e.g. Willems,
2013). Model projections are therefore essential to assess future changes in precipitation
extremes. However, regional climate simulations, typically with grid spacings of 12
to 50km, rely on the parametrisation of convection. This leads to deficiencies in the
representation of key processes involved in precipitation extremes. These simulations
tend to produce precipitation that is too spatially diffuse, too persistent in time, and

with too low intensity maxima of precipitation extremes (Kendon et al., 2021).

High-resolution climate simulations are a promising tool to advance the understanding
of future extreme precipitation changes. The climate models at the so-called convection-
permitting scale with a grid resolution of 1 to 4 km can explicitly resolve deep convection
and have been shown to improve the representation of precipitation in comparison to
convection parametrization in conventional coarser regional climate models (Prein et al.,
2015; Lucas-Picher et al., 2021). These improvements comprise especially the intensities
and frequencies of extreme precipitation, the diurnal cycle, and orographically-enhanced
extreme precipitation (Kendon et al., 2012; Hohenegger et al., 2008; Sato et al., 2009;
Prein et al., 2013; Ban et al., 2014, 2021). Further, the very high resolution allows the
derivation of relevant data fields for impact assessment or the coupling of the convection-
permitting climate models (CPMs) with data-driven impact models, making them a
promising tool for the development of climate adaptation measures. On the downside,
CPMs come with a high computational cost, and only recently has it become feasible to
perform longer simulations (e.g. Kendon et al., 2021). Previous CPM projections are
generally limited to time slices and/or single realisations. First ensemble simulations
exist that improve the understanding of the uncertainty of extreme precipitation changes
(Coppola et al., 2018; Kendon et al., 2020; Pichelli et al., 2021). In 2023, the first

transient CPM ensemble simulations were released for the UK (Kendon et al., 2023)
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and southern Germany (Hundhausen et al., 2023). The analysis of record precipitation
events in Kendon et al. (2023) shows that indeed changes in extreme precipitation do
not follow a steady upward trend of increase over time, highlighting the limitations of

time-slice approaches.

One particularly underexplored area in the assessment of future precipitation changes
is spatio-temporal shifts within precipitation profiles. As illustrated by Trenberth
et al. (2003): “Steady moderate rains soak into the soil and benefit plants, while
the same rainfall amounts in a short period of time may cause local flooding and
runoff, leaving soils much drier at the end of the day.”, highlighting the importance of
precipitation characteristics beyond quantity. Specifically, the profile characteristics
of the peak intensity and the timing of the peak intensity, have been identified to
modify the peak runoff rates, their timing, and runoff volumes (Ball, 1994; Lambourne
and Stephenson, 1987; Ochoa-Rodriguez et al., 2015; Cristiano et al., 2017; Dullo
et al., 2017; Hettiarachchi et al., 2018; Pochwat et al., 2017). Despite the critical
importance of linking precipitation volume to its temporal profile, most analyses of
extreme precipitation — in observation as well as models — rely on fixed-duration
periods, often daily or hourly precipitation sums. This fixed-duration approach imposes
artificial constraints on rainstorm duration and therefore fails to capture the full range
of precipitation characteristics that drive hydrological and hydraulic impacts. Early
studies show an enhanced increase of the peak fraction of an event compared to its mean
intensity (Wasko and Sharma, 2015; Ghanghas et al., 2024). To our knowledge, the first
systematic study of the timing of the bulk precipitation or “event loading” in climate
change by Visser et al. (2023) found a trend towards more front-loaded event profiles
in the last decades in Australia. While supporting the finding by investigating day-to-
day variability in temporal event profiles, Ghanghas et al. (2024) showed significant
dependence on geographic location and dominant precipitation mechanisms. The limited
literature available shows that potential changes in the temporal pattern of precipitation
with increasing temperature aspects have not been sufficiently addressed in climate

change impact studies (Visser et al., 2023).

One reason for this research gap is that assessing changes in precipitation profiles
requires high-resolution precipitation time series, which are often scarce or unavailable
over extended time periods. Previous analysis in CPM studies analysing extreme
precipitation has often been limited to hourly model output, and little is known about
sub-hourly extremes. A limited pool of sub-hourly CPM projections is available (Chan
et al., 2016b; Meredith et al., 2020; Vergara-Temprado et al., 2021; Purr et al., 2021).
Their evaluation provides promising results, indicating similar errors in sub-hourly data
than in hourly precipitation extremes (Meredith et al., 2020; Vergara-Temprado et al.,
2021), as well as an adequate representation of precipitation cell characteristics in Purr
et al. (2021). Testing how well climate models reproduce the sub-hourly scale is of
significant importance to increase confidence in predicted climate change signals on

the sub-hourly scale as well as for the analysis of potential future change signals of the
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temporal profile of precipitation events. Understanding future changes in precipitation
patterns is critical, particularly for making the necessary adjustments to storm profiles

used in hydrological applications, such as drainage design, to support climate adaptation.

The research gap to facilitate the development of informed climate adaptation
measures regarding extreme precipitation can be summarized in three main points: (1)
The limited availability of high-resolution climate model data constrains projections of
changes in extreme precipitation intensity. (2) There is a lack of understanding of how
high-resolution climate models reproduce sub-hourly features of extreme precipitation.
(3) There is a missing assessment of the future changes of extreme precipitation on an

event-based scale, specifically changes in the temporal event profile.

The overall aim of this thesis is to bridge the existing research gap and enhance
the current understanding of climate change’s impact on precipitation events with an
emphasis on the short-duration time scale. To achieve this, we introduce the novel
KIT-KLIWA ensemble, a transient CPM projection over Germany. The ensemble is
driven by four CMIP5 GCMs (Coupled Model Intercomparison Project 5, Global Climate
Models), representing a range of climate sensitivities from 3.28 to 4.64 degrees of global
warming per doubling of CO9 concentrations. The data is downscaled with the regional
climate model COSMO-CLM (Baldauf et al., 2011) to a grid resolution of 2.8 km, which
is on the convection-permitting scale at which deep convection is explicitly resolved
by the model. The transient CPM simulation period covers 1971-2005 (historical) and
2006-2100 (projection). With 5-min precipitation output in the historical period as
well as in selected future time slices, the ensemble presents a unique source of 5-min

precipitation simulation data at the convection-permitting resolution.

We approach the topic in four steps. First, we use the transient projection period of
the KIT-KLIWA projection to evaluate climate change signals of intensities down to
the hourly resolution. The uncertainties arising from internal variability, the driving
GCM and spatial patterns are assessed. After identifying the most sensitive return
levels to global warming - namely short duration extremes - we focus on the sub-hourly
scale in a second step. Based on the unique 5-min data from climate simulations,
we develop a novel event-based approach to evaluate the characteristics of extreme
precipitation events, including their sub-hourly features. The evaluation of the model
data is based on the high-resolution station and radar observations of the DWD in
Germany. The analysis reveals too persistent events in the CPM projection, but an
adequate representation of the temporal profile of extreme events. In the third step,
the event-based analysis is used to identify changes in the climatology of precipitation
events, focusing on event duration and seasonal changes. In the final step, we focus on
the dependence of event characteristics on temperature and explore the climate change

signal of the event characteristics peak fraction and timing of the peak precipitation.
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1.1. THESIS STRUCTURE

1.1 Thesis structure

The thesis is structured in 9 chapters. Following this introduction (Chapter 1), Chap-
ter 2 provides the theoretical background to the research on the drivers of precipitation,
and provides the state of the art on convection-permitting climate models and extreme
precipitation in a warming world - its description, the mechanisms of change, and a
review of the climate change signal. Chapter 3 outlines the research gaps and formulates
four research questions targeted in the thesis. The data used in the study are presented
in Chapter 4 with a focus on the KIT-KLIWA ensemble. Further, the reference data is
described. Chapters 5 to 8 address the four research topics:

e Assessment of the climate change signal of extreme precipitation return levels

from hourly to multi-day scale and associated uncertainties (Chapter 5)

e Development of an event-based analysis and evaluation of 5-min precipitation data

and temporal precipitation event profiles in CPM (Chapter 6)

e Assessment of the climate change impact on the climatology of precipitation events
(Chapter 7)

e Analysis of the scaling relation and the climate change signal of the profile charac-

teristics peak intensity and timing of the peak intensity (Chapter 8)

The conclusion in Chapter 9 summarizes the findings, discusses the implications, and

provides an outlook.




2 | THEORY AND LITERATURE REVIEW

In order to contextualise the topic of extreme precipitation in climate projections,
this chapter outlines the underlying mechanisms of precipitation (Section 2.1) and the
climatology of precipitation in Germany (Section 2.2). Then it reviews the simulation of
precipitation in numerical climate models (Section 2.3), and concludes with an overview

of the climate change signal of extreme precipitation (Section 2.4).

2.1 The driving mechanisms of precipitation

Precipitation is the result of a series of physical processes. It begins with water vapour
in the air. This water vapour condenses around nucleation sites such as dust particles and
aerosols as the air rises, forming clouds. Cloud droplets grow and eventually precipitation
falls from these clouds due to gravity. This section provides a theoretical background
to the formation of precipitation. The section is structured in first an overview of
atmospheric moisture saturation and adiabatic processes, then it introduces the concept
of atmospheric stability, and finally explains the mechanisms behind convective and

stratiform precipitation.

2.1.1 The Clausius-Clapeyron relation

Water vapour saturation is a key condition for condensation in the atmosphere. As
described by the Clausius-Clapeyron relation, which defines the relationship between
vapour pressure and temperature during phase transitions, water vapour saturation is
closely tied to temperature. The following derivation of the Clausius-Clapeyron equation
is based on Vallis (2017).

We consider water in chemical equilibrium between the liquid phase — liquid water
(denoted as phase [) — and the gas phase — water vapour (denoted as phase v). In an
enclosed system, the gas and liquid phases exchange mass and energy and will eventually
come to an equilibrium, with the same mass of liquid evaporating into vapour and

vapour condensing into the liquid. The energy required for the phase change is given
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by the latent heat of evaporation L, which is defined by the difference between the
enthalpies (h) of both phases:
L(T) = hy — Iy (2.1)

L is dependent on temperature, 7', and has a magnitude of approximately 2.5 x 10° J /kg
(at 0°C) for water. The energy F of the phase change of a mass M is given Eq. 2.2
and can be related to the entropy, n with the specific entropy 7, and »; for vapour and
liquid. T is constant in this consideration at equilibrium, as the energy for condensation

equals the energy for evaporation.
E=ML=M(hy,—h;)=MT(n, —mn) (2.2)

Rearranging and application of the definition of the specific Gibbs function, G = h —T'n,
leads to the following relationship, stating that the specific Gibbs functions for the

liquid and water phases at equilibrium are equal:

hv - T% = hl - Tnl (23)
G =G, (2.4)

If equilibrium is maintained along the phase boundary as the temperature or pressure

changes, the changes in Gibbs function will also be the same for each phase:
dG; = dG, (2.5)

From the fundamental thermodynamic equation for Gibbs Energy, the change in the

Gibbs function can be expressed as:
dG = —ndT + adp (2.6)

with the specific entropy 7, temperature 7', specific volume o = 1/p which is the inverse
of the density p, and pressure p. Using Eq. 2.5 and Eq. 2.6, re-arranging gives an
expression of dp/dT which describes the conditions along the phase boundary. For the
phase boundary between the liquid and vapour phase, the difference 1, — 7, can be

expressed over L (as in Eq. 2.2):

—midT + aydp = —ndT + ay,dp (2.7)
dp — m—
4 2.8
dT ay — (2:8)
dp L

= 2.9
dT T (o — o) (29)
Since we consider the water vapour in equilibrium with the liquid water phase, p is the
saturation water vapour pressure (es) to arrive at the Clausius—Clapeyron equation

(Eq. 2.10). For the phase transition between the vapour and liquid phase, a, >> «;
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applies and Aa = «,, — o can be approximated by ay,.

deg L L
= ~ 2.10
dT T(av — Otl) Ty ( )

In the atmosphere, we further consider that the relationship between saturation vapour
pressure and the absolute humidity is given by the ideal gas law with the specific gas
constant R (Eq. 2.11) — written for water vapour with the specific water vapour gas
constant R, = 462Jkg 'K~! in Eq. 2.12:

T
p=pRT = kT (2.11)
a
R,T
s = 2.12
= 1 212

This reduces to the following form of the Clausius-Clapeyron equation, which is typically

used in atmospheric applications:

des , esb
dT ~ R,T?2

(2.13)

Assuming a constant L(7T) — which is only valid as an approximation — the Clausius-
Clapeyron equation can be integrated by introducing the constants eg and Ty (Eq. 2.14).
Further approximations exist that partially account for the temperature dependence
of L. However, instead of integrating the equation, empirical approximations to the
vapour pressure curve are often used, such as the Magnus Equation (Eq. 2.15, Alduchov

and Eskridge, 1996). The Magnus Equation uses temperature 7' C in °C as input, and

the output e is in hPa.
L 1 1
es = eg exp <_Ru (To - T)) (2.14)
17.625T¢

For typical conditions in the atmosphere, the denominator changes only slightly
with temperature and the saturation vapour pressure thus behaves approximately
exponentially with temperature. The non-linear relationship implies that warmer air
can hold substantially more moisture than colder air: for example absolute moisture
content at 10°C is 7 g/kg, but is 14 g/kg at 20°C. Inserting reasonable values for our
atmosphere, saturation pressure increases by ~7 % per degree at 0°C and ~6 % per

degree at 24 °C, referred to as the Clausius-Clapeyron rate (CC-rate or CC-scaling).

2.1.2 Adiabatic processes in the atmosphere

In our atmosphere, air typically reaches water vapour saturation when it ascends
to a higher altitude which is accompanied by a decrease in pressure and consequently

temperature. In this section, we will use the lifted parcel theory to explain the tem-
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perature change during the ascent of air that leads to condensation in the atmosphere.

Derivations in this section are based on Stull (2015).

The lifted parcel theory tracks the characteristics of a parcel of air as it rises or sinks
in the atmosphere. Several underlying assumptions are made. No radiative or other heat
transfer occurs with the surrounding air and the process is thus adiabatic. The parcel is
assumed to have no finite size and does not exchange mass with the surrounding air.
The pressure of the air parcel is considered equal to that of the surrounding environment
and no solid phase of water is considered. Assuming that the air in the atmosphere
behaves like an ideal gas, the ideal gas law applies (Eq. 2.11). We further consider that
the column of air is in hydrostatic balance (Eq. 2.16), where the pressure gradient, dp,
with altitude, dz, is determined by the air density, p, and gravitational acceleration, g.

dp
&r_ 2.1
- ryg (2.16)

The following sections consider two examples of atmospheric ascent for an air parcel.
First is the dry adiabatic ascent, defined as vertical ascent without any phase change
of water, occurring below the condensation level. The second example is the moist

adiabatic ascent, which includes phase changes as the parcel rises.

Unsaturated (dry) lifting

The consideration of a dry adiabatic ascent is based on the first law of thermodynamics,

which states that energy is conserved:
dU =0Q + oW (2.17)

A change in internal energy, U, can occur through the addition or removal of heat,
0@, as well as through work done on the system, dW. The notation d signifies a total

differential, while ¢ represents a path-dependent differential.

For a dry adiabatic process, there is no heat exchanged with the surroundings, so:

0Q =0 (2.18)
dU = oW (2.19)

The work performed is given by:
OW = —pda (2.20)

For an ideal gas, the internal energy U is related to temperature 7" by Eq. 2.21 with the

specific heat capacity at constant volume c,:

dU = c,dT (2.21)




Chapter 2. Theory and literature review

!
)

2000

1500 -

1000 —

500 -

»
»

I I |

10 20 Tin°C

Figure 2.1: Temperature trajectory of a parcel of moist air lifted from the surface.

Substituting Eq. 2.20 and Eq. 2.21 in the first law of thermodynamics for adiabatic
processes, we get:
cdT = —pda (2.22)

For application in the atmosphere, the equation is typically rearranged using the product

rule pda = d(pa)) — adp and the ideal gas law pa = RT":

0 = ¢, dT + pda (2.23)
0 = cpdT' + RdT — adp (2.24)

With the relationship ¢, + R = ¢, introducing the specific heat capacity at constant

pressure c¢,, we can rewrite this as:
cpT = adp (2.25)
We use the hydrostatic equation (Eq. 2.16) to rewrite to:
_ 9
ar = —Ldz (2.26)
Cp

Rearrangement leads to an expression for the temperature change with altitude, defined
as the dry adiabatic lapse rate, I'y:
dr

=7 (2.27)

= —— —
d dz Cp

I'y is constant with height, and is approximately 1 K/100m. It describes the rate of
temperature change with altitude for a rising parcel of air below the water vapour

saturation (Fig. 2.1).

10
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Saturated (moist) lifting

If a lifted parcel contains moisture, it will eventually cool to saturation, and water will
start to condense. The latent heat released due to condensation reduces the cooling of
an ascending parcel significantly (Fig. 2.1). The moist adiabatic lapse rate, I's, describes

the temperature change of an ascending saturated parcel:

r._9 L+ (%)

= P
Cp 14 L%TSR—g
cpR4T?

The variables are defined as gravitational acceleration g, specific heat capacity of air

(2.28)

at constant pressure c,, saturation mixing ratio r,, latent heat of evaporation L,, gas
constant for dry air Ry, gas constant for water vapour R, air temperature 7. I'y depends
non-linearly on temperature and pressure or altitude. It is higher at higher pressure
and temperature (close to the Earth’s surface) and asymptotically approaches the dry

adiabatic lapse rate for low temperatures and low pressure — at high latitudes (Fig. 2.1).

2.1.3 Atmospheric stability

The environmental conditions within the troposphere are essential for the formation
of precipitation. This section introduces the concept of air masses and provides the

theoretical background to atmospheric stability.

Air masses are large bodies of air with relatively uniform temperature and humidity
characteristics. They develop over large, homogeneous areas where they reside for long
periods of time, allowing them to adopt the thermal and moisture characteristics of the
underlying surface (Spiridonov and Curié, 2021). For example, air masses forming over
oceans (maritime) are typically moist, while those forming over continents (continental)
are generally dry. Similarly, air masses forming over polar regions are cold, while those
forming over tropical regions are warm. Advection of air masses over large distances
results in changes in the temperature or humidity of an air mass as it passes over different
surfaces. The vertical temperature profile of an air mass is critical in determining its

characteristics, and classifies the atmospheric stability of the air mass.

Atmospheric stability is determined by the environmental lapse rate, which is the
rate at which temperature decreases with altitude (e.g. Lutgens and Tarbuck, 2019). A
stable environment is characterised by an environmental lapse rate below I';. In such
conditions, a parcel of air lifted to a higher altitude cools at the dry or moist adiabatic
lapse rate and becomes denser than the surrounding air, inhibiting further upward
movement unless forcefully lifted. Conversely, instability occurs when the environmental
lapse rate is greater than I'y (absolute instability) or between I'y and I's (conditional
instability). When a parcel of air is displaced in an absolutely unstable atmosphere, the

temperature of the parcel changes with I'y or I's depending on its saturation. The parcel

11
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becomes warmer, therefore lighter, than the surrounding air, and becomes buoyant. The

same applies to a saturated parcel of air in a conditionally unstable environment.

The buoyant force per unit mass depends on the density difference between the parcel
(subscript p) and the environment (subscript €). Using the ideal gas law, the buoyant

force can be related to the temperature of the parcel and the environment (Stull, 2015):

Y L (2.29)
Pp
_ Tve - Tvp

T’U €

S 3

(2.30)

The virtual temperature T, is introduced here, based on the definition that dry air of
the temperature T}, has the same density as the actual moist air of temperature T'. This
approach includes the effects of water vapour and allows the application of the ideal
gas law with the specific gas constant of dry air Ry. T, is approximated based on the
specific humidity ¢:

T, ~ T(14 0.608¢q) (2.31)

In essence, the characteristics of an air mass determine the prevailing conditions,
including temperature, moisture content, and atmospheric stability. The following
sections will outline how the stability of an air mass affects cloud formation and

precipitation.

2.1.4 Stratiform and convective precipitation

Precipitation can be categorized into two main types: stratiform precipitation and
convective precipitation. In the following sections, we will explore the characteristics
of stratiform and convective precipitation and discuss the atmospheric conditions that
support their development. The following background theory is based on Lutgens and
Tarbuck (2019) and Houze (1993), unless stated otherwise. The microphysics of cloud

formation are out of the scope of this work and not detailed here.

Stratiform precipitation

The precipitation type can be defined in terms of the vertical velocity scale. Stratiform
precipitation is defined over the condition that the vertical movement of air, w, is small

compared to the fall velocity of ice crystals or snow, vice:

"LU’ < Vice (2.32)

Stratiform clouds are typically formed in a stable environment, where the upward

movement of the air is inhibited and the air will not rise unless forcefully lifted (Fig. 2.2a).

Lifting processes in a stable environment are observed, for example, at a warm

front, where warmer (lighter) air masses meet cooler (denser) air masses, and the

12
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Figure 2.2: Temperature trajectory of a parcel of moist air lifted from the surface in
(a) a stable environment, (b) absolutely unstable environment, and (c) conditionally
unstable environment with the lifted condensation level, LCL, the level of free con-
vection, LFC, level of neutral buoyancy, LNB. T'; is the dry adiabatic lapse rate, I';
the moist adiabatic lapse rate and I'. the environmental lapse rate (Based on Lutgens
and Tarbuck, 2019).

warm air glides up the colder air mass (Fig. 2.2a). In addition, orographic lifting can
lead to stratiform precipitation. Extensive cloud layers form when the air becomes
saturated with moisture. Stratiform precipitation often covers a large area, resulting in
widespread but relatively uniform, rainfall. Characteristics are steady, light to moderate

precipitation, that may persist for several hours.

Convective precipitation

Convective precipitation is characterised by a fast vertical movement of air, w,
compared to the fall velocity of ice crystals or snow, vje, which occurs in cumulus
clouds.

lw| > Vice (2.33)

Convective cloud formation requires instability. When a parcel of air is displaced in
an absolutely unstable atmosphere, the temperature of the parcel changes with the dry
lapse rate until the water vapour saturation is reached and condensation leads to cloud
formation (Fig. 2.2b). Free convection in an absolutely unstable atmosphere over land
is primarily driven by localized heating of the Earth’s surface, which warms the lower
layers of the atmosphere and generates rising columns of warm air. This phenomenon is
commonly observed in the mid latitudes during the summer months, or in the tropics

the whole year round.

In a conditionally unstable atmosphere (Fig. 2.2c), a moist parcel of air that is lifted
from the surface, will expand and cool according to the dry adiabatic lapse rate until
saturation pressure is reached at the lifted condensation level (LCL). Cooling above the
LCL is associated with condensation and therefore along the moist adiabatic lapse rate.
Forced above the level of free convection (LFC), the parcel becomes buoyant. Hence,

conditional stability requires a specific amount of energy, referred to as Convective

13
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Inhibition (CIN), to initiate convective processes (Eq. 2.34 with ppot the pressure at the
bottom or in a boundary layer, Vallis, 2017). In the thermodynamic diagram (Fig. 2.2c),
CIN can be related to the area between the environmental temperature T, and the
lifted parcel’s temperature T, below the LFC, plotted with logarithmic pressure as the
vertical axis. This energy must be invested to lift an air parcel to the LFC. Unstable
conditions leading to precipitation are typically connected with unstable maritime air
masses. Lifting air above the LFC can occur through mechanisms such as orographic

lifting or frontal lifting along a cold front (Fig. 2.2c).

B LFC dp
CIN = —R (T, — T,) — (2.34)
Pbot p
B LNB dp
CAPE=-R (T, — T.) — (2.35)
LFC

CIN is opposed by the energy released during the convective process, the convective
available potential energy (CAPE), which determines the strength of the convection
(Eq. 2.35, Vallis, 2017). In a thermodynamic diagram with logarithmic pressure as the
vertical axis, CAPE is proportional to the area between the environmental temperature
T, and the lifted parcel’s temperature 7, integrated from the LFC to the level of neutral
buoyancy (LNB), where its density is equal to the surrounding air (Fig. 2.2c).

Convective precipitation is often intense and short-lived, with high rainfall rates that,
depending on the strength of convection, can lead to heavy downpours, thunderstorms,
and hail.

Stratiform and convective precipitation in our atmosphere can occur separately but
also coexist within the same precipitation system (Houze, 1993). Stratiform clouds can
for example form near the outflow of active deep convective clouds, or from previously
active deep convective clouds. The coexistence of the two types of precipitation is
observed, for example, in large mesoscale convective systems (MCSs). MCSs are
ensembles of convective storms with diameters of several hundred kilometres and contain

both stratiform and convective subregions.

In summary, two distinct forms of precipitation occur in the atmosphere, whereby
stratiform precipitation mostly originates from a stable atmosphere and forced, relatively
slow lifting, convective precipitation is produced by strong upward motion in an unstable
atmosphere. Stratiform precipitation tends to be light to moderate and widespread,
while convective precipitation is more localised and can lead to deep convective clouds
with intense precipitation, hail and thunderstorms at high CAPE. Both precipitation

types can coexist in the same precipitation system.

2.2 Overview of Germany’s precipitation climatology

Germany is located in the mid-latitudes in the zone of westerly winds. The region is

characterised by alternating low and high pressure systems with the associated warm
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and cold fronts. The advected air masses from different origins influence the weather in

Germany.
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Figure 2.3: Air masses influencing the weather in Germany. The first letter c
denotes continental air masses, while m denotes maritime air masses. The source
regions are denoted with T for tropical, P for polar, A for Arctic. The climate
zones in Furope according to the Képpen-Geiger Climate Classification are shown
in the background. The following notation is used in the legend: Hot climates
(BWh: Hot desert climate, BWk: Cold desert climate, BSh: Hot semi-arid climate,
BSk: Cold semi-arid climate), temperate climates (Csa: Hot-summer Mediterranean
climate, Csb: Warm-summer Mediterranean climate, Cfa: Humid subtropical cli-
mate, Cfb: Temperate oceanic climate, Cfc: Subpolar oceanic climate), continen-
tal climates (Dsa: Mediterranean-influenced hot-summer humid continental climate,
Dfa: Hot-summer humid continental climate, Dfb: Warm-summer humid continen-
tal climate, Dfc: Subarctic climate), polar and alpine climates (ET: Tundra cli-
mate, EF: Ice cap climate). The classification is based on Peel et al. (2007), the
raster data used is available from http://www.hydrol-earth-syst-sci.net/11/
1633/2007/hess-11-1633-2007-supplement . zip, last access October 2024.

Based on Spiridonov and Curié¢ (2021) and Kurz (1990), southwesterly, westerly, and
northwesterly winds bring humid air masses with maritime origin from the Atlantic
to Central Europe (Fig. 2.3). Air masses of Atlantic origin dominate the weather in
Central Europe, leading to a wet climate with year-round precipitation. The further
north these air masses originate, the colder they are. Cold, polar maritime air masses
(mP) rise in temperature during their passage over the relatively warm waters of the
North Atlantic, becoming unstable. Weather with prevailing polar maritime air masses

is characterised by frequent showers at any time of the year. In winter, cold arctic
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maritime air masses (mA) can lead to heavy snowfall. Warm, subtropical and tropical
maritime air masses (mT) can carry a lot of moisture, which can lead to heavy rainfall.
In particular, extreme precipitation in Germany can occur when a low pressure system
over the Mediterranean moves northwards towards north-eastern Europe (in a so-called
“Vb pattern”), advecting extremely humid air masses that lead to prolonged and intense
precipitation in Germany (e.g. Seibert et al., 2006). In contrast, the advection of air
masses from the east is less frequent. The polar continental air masses (cP) lead to
mostly dry weather in Central Europe, which is associated with heat in summer and

cold in winter.

Overall, the climate in Germany is classified as temperate climate (Cfb) in the west
to cold climate (Dfb) in the east with warm summers and precipitation in all seasons

according to the Koppen-Geiger climate classification (Fig. 2.3, Peel et al., 2007).

Min = 384 mm Max = 3254 mm

450 560 550 600 700 800 1000 1200 1400 1800 2200 2600
[mm]

Figure 2.4: Annual precipitation sum averaged over the period 1971 to 2000 (German
Climate Atlas, a service by the German weather service, Deutscher Wetterdienst, URL:
www.dwd.de/klimaatlas, last access October 2024).
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2.3. THE STATE OF THE ART OF CONVECTION-PERMITTING CLIMATE
MODELLING

The annual precipitation sums in Germany are on average around 800 mm. The
spatial distribution is mainly dependent on the orography (Fig. 2.4). While in the low
mountain range in the southwest of Germany, the Black Forest, annual precipitation
totals of up to 2000 mm are observed, precipitation sums of less than 700 mm are
reached in the eastern part of the domain, the Elbe basin. In the western regions, annual
precipitation of 1000 mm is common. The highest precipitation totals are observed in

the Alps in the south of Germany, with precipitation totals above 3000 mm.

The type of precipitation depends on the season. In summer, there are predominantly
convective events and in the winter mostly large frontal systems associated with stratiform
precipitation (Lengfeld et al., 2019). The most intense precipitation events in Germany
tend to be associated with convective precipitation events in summer (Berg et al., 2013;
Gatzen et al., 2020). MCSs that typically span several hundred kilometres in diameter,
dominate the convective precipitation yield (Da Silva and Haerter, 2023, and Supporting

Information therein).

In summary, moisture transport from the North Atlantic Ocean drives precipitation
throughout the year in Germany, averaging about 800 mm annually, with local variations
shaped by orography. Seasonal patterns influence the type of precipitation: summer
is dominated by convective precipitation, while winter features widespread stratiform
precipitation from frontal systems. Extreme events with high precipitation rates are

primarily associated with intense summer convective systems.

2.3 The state of the art of convection-permitting climate

modelling

To project future climate change, numerical climate models simulate the Earth’s
climate using mathematical equations to represent the physical processes in the Earth’s
climate system. Numerical climate modelling has undergone considerable advance-
ments in recent decades, evolving from coarse-resolution models that rely heavily on
parametrisations, to increasingly finer grid spacings that more accurately resolve at-
mospheric processes. Increasing the resolution to the km scale, typically 1 to 4km
(Prein et al., 2015), so-called convection-permitting climate models (CPMs, alternative
terms are convection-resolving, convection-allowing, storm-resolving, storm-permitting
and storm-allowing, Kendon et al., 2021) can partly resolve convective processes. This
section clarifies how CPMs represent convection compared to conventional regional
models, reviews the added value of those CPM simulations, and gives an overview of

the emerging ensemble simulations on the convection-permitting scale.

2.3.1 Convection in numerical climate models

In numerical climate modelling, the principles of conservation of mass, conservation of

energy, and conservation of momentum provide the basis for the description of processes
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in the Earth’s atmosphere. Together with the ideal gas law, they form the fundamental

model equations. Different numerical methods exist, to solve the complex set of model
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Figure 2.5: Schematic of a numerical climate model.

equations. In today’s climate models — so-called grid point models — the atmosphere
of the Earth is divided into a 3D grid and the underlying differential equations — with
implementations specific to the model — are solved on a grid of horizontal and vertical
extension for each time step, followed by vertical and lateral interchange of energy,
momentum, and mass between the boxes (Fig. 2.5). The grid resolution of the model

limits processes that the model can explicitly resolve.

The grid resolution of today’s global climate models (or general circulation models,
GCMs), that are used in the current IPCC report, have a resolution of approximately
0.5 to 3 degrees in latitude and longitude. To achieve higher resolution, regional climate
models (RCMs) are used to dynamically downscale the coarse global simulation to a
grid with higher resolution in a spatially limited area. Typically, nesting techniques are

used to drive the regional simulations using boundary conditions from the GCM.

Parametrisation of convection in RCMs

The physical processes in the atmosphere occur on a wide range of scales, from micro-
scale phenomena to large-scale circulations and planetary waves (Fig. 2.6). Convection
ranges from shallow convection in the range of about 1km to deep convection in

cumulonimbus clouds, which can extend to tens of kilometres.

The grid resolution of RCMs ranges typically from 12 to 50km (Kendon et al.,

2017). Consequently, convection is a process that generally occurs on a length scale

'Adapted from Mahgue (http://commons.wikimedia.org/wiki/User:Mahgue), 2012. Atmospheric
motions and their typical scales in time and space according to Heinz Fortak: Meteorologie. Retrieved
October 2024, from: https://commons.wikimedia.org/wiki/File:Atmosphere_motion_scale.svg
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Figure 2.6: Atmospheric motions and their typical scales in time and space based
on Fortak (1982)%.

smaller than the grid resolution, on the so-called sub-grid scale (Fig. 2.6). Convection
is therefore not explicitly resolved by RCMs. To represent subgrid-scale processes, they

are parametrised in the model formulation.
In practice, convection parametrisation includes three steps (Bechtold, 2017):
e Determine the initialization of convection, referred to as “Trigger of convection”.

e Determine the vertical distribution of heating, moistening, and momentum changes,

generally by a cloud model.

e Determine the overall amount of convective precipitation from the converted

energy, referred to as “Closure”.

Various approaches exist for implementing parametrisation in climate models, ranging
from schemes based on moisture budgets, over adjustment schemes, to mass flux schemes.
A comprehensive review of these methods is provided by Bechtold (2017). Today’s RCMs,
including the regional climate model COSMO-CLM used in this thesis, predominantly
utilize the mass flux scheme. The basic concept of the mass flux scheme is that the
vertical mass flux at the base of a convective cloud can be derived from grid-scale
variables, as described by Bechtold (2017).

Convection parametrisation is a major source of uncertainty in climate models.
The largest uncertainties in projected climate sensitivity in GCMs are associated with
the parametrisation of deep convection (Knight et al., 2007; Sherwood et al., 2014).

Deficiencies in the convective parametrisation schemes are amplified by their interaction
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with various parametrisation schemes, such as microphysical, radiative and boundary
layer schemes, implying non-linear error growth of the deficiencies (Prein et al., 2015).
Common errors of convection parametrisation in RCMs include the diurnal cycle of
convective precipitation, underestimation of the frequency of dry days, overestimation
of the frequency of low precipitation events, and underestimation of hourly precipitation

extremes (Prein et al., 2015).

Explicit resolution of convection in CPMs

Increasing the grid resolution to the kilometre scale, at grid resolutions of 1 to 4 km,
the convection-permitting scale is reached at which deep convection is explicitly resolved
by the model (Prein et al., 2015). Shallow convection is however still parametrised in
the model (Fig. 2.6).

2.3.2 The added value of convection-permitting climate models

CPM climate projections profit not only by avoiding error-prone convection parametri-
sation of deep convection but also by improving the representation of orography and
other surface forcing (Prein et al., 2015). Indeed, the climate simulations on the
convection-permitting scale were shown to have an added value compared to conven-

tional convection-parametrising RCM simulations.

Precipitation

CPM simulations have been shown to improve the onset and peak of the diurnal
precipitation cycle in several studies, e.g. in Fosser et al. (2015); Knist et al. (2018);
Meredith et al. (2021); Berthou et al. (2020) for Germany and the finding is robust
for other regions (Lucas-Picher et al., 2021). Improvements in the diurnal cycle are
attributed to the explicit resolution of deep convection, allowing atmospheric instabilities
to build up during the day and their more realistic release in the form of precipitation
in the late afternoon (Leutwyler et al., 2016; Lucas-Picher et al., 2021). Spatial patterns
of precipitation events were found to be more realistically reproduced by e.g. Prein
et al. (2013), showing more intense smaller events in the CPM simulation compared to
the coarser RCM simulation. Pichelli et al. (2021) find a more realistic simulation of

regional patterns of precipitation over the Alps in CPMs compared to RCMs.

There is no clear indication of an added value in the representation of daily mean
precipitation in CPMs and daily extreme precipitation is generally found to be over-
estimated in the CPM simulations (e.g. Prein et al., 2013; Chan et al., 2013; Fosser
et al., 2015). However, major improvements were found in precipitation on a short
time scale. Mostly examined at hourly resolution, there is a significant improvement in
the representation of heavy precipitation compared to the underestimation of hourly
extreme intensities in RCMs (e.g. Ban et al., 2014; Fosser et al., 2015; Berthou et al.,
2020; Knist et al., 2018). In general, CPMs are able to more realistically reproduce the
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relevant smaller-scale phenomena, such as mesoscale convective systems, geographic
precipitation, or squall lines (Lucas-Picher et al., 2021). Ban et al. (2021) and Pichelli
et al. (2021) assessed spatial patterns in a multi-model ensemble over Europe, and found
a more realistic simulation of regional patterns, especially the orographic features of
the Alps in heavy precipitation of hourly extremes in the CPM ensemble compared to
the coarser RCM counterpart. In addition, the improved representation of convective
precipitation events in CPMs is expected to improve the diagnostic for high-impact

weather such as hail produced by microphysics schemes (Kendon et al., 2017)

Comparing the change signal of precipitation between CPM and RCM shows that the
climate change signal of extreme precipitation is dependent on the model resolution and
there is a stronger intensification of extreme precipitation in CPM projections compared
to coarser RCM projections (Chan et al., 2014a; Kendon et al., 2014). Fosser et al. (2024)
do not only find a stronger intensification of local extreme precipitation in CPMs but
also that an ensemble of CPM projections reduces the uncertainties for future changes
in comparison to the RCM ensemble. They conclude that there is greater confidence
in projected changes in CPM compared to RCM projections. The improvement is
attributed to the more realistic representation of local dynamical processes in CPMs.
Kendon et al. (2014) argue that CPMs should be used in the assessment of the climate
change signal in contrast to RCMs to avoid underestimating the future climate change

signal in extreme precipitation, particularly for warm seasons.

Temperature

Regarding the representation of temperature, there is not yet a consensus on the
added value in convection-permitting simulations. Prein et al. (2013) and Brisson et al.
(2016) attribute improvements in the temperature output to the better resolution of
orography. Further the better spatial representation of local atmospheric circulations
and land-atmosphere interactions in CPMs are expected to lead to improvements of
temperature simulations, particularly in coastal areas (Soares et al., 2022). Ban et al.
(2014) found an increasing bias in temperature on the convection-permitting scale in a
domain covering the alpine region. In contrast, an improvement of mean temperature
was found in Hohenegger et al. (2008) for most of her study area and in investigations
by Hackenbruch et al. (2016) over Germany. In addition, Télle et al. (2018) found added
value for temperature extremes. Sangelantoni et al. (2023) highlights the role of soil
moisture fluxes, noting that a multi-model ensemble reveals lower latent and higher
sensible heat fluxes in CPMs compared to RCMs. This results in drier and hotter heat

waves. However, this cannot be generally attributed to an added value in the CPMs.

From an extensive assessment of a multi-model ensemble over Europe, the CORDEX-
FPS on convection (Coordinated Regional Downscaling Experiments Flagship Pilot
Studies program on convection, Coppola et al., 2018), Soares et al. (2022) conclude
that the added value of CPM simulations for maximum and minimum temperatures

is limited, and the gain of the high resolution is dependent on the region, season and
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model evaluated. The diurnal cycle of temperature is generally found to be improved in
CPM compared to RCM simulations (Hohenegger et al., 2008; Ban et al., 2014; Télle
et al., 2018).

The added value of CPM simulations over RCM simulations, beyond the temperature
and precipitation parameters, includes the representation of clouds and radiation,
local wind systems such as lake and sea breezes, foehn and wind channelling, and the

representation of urban land use, reviewed by Lucas-Picher et al. (2021).

Bridging the gap between climate model and practical application

A broader benefit of the very high resolution of the CPM model output is that it
enables the derivation of relevant data fields for impact assessment or the direct coupling
of the CPM with data-driven impact models. The use of CPM data for impact studies
has been demonstrated for hydrological applications, such as river run-off and flooding
(Lackmann, 2013; Kay et al., 2015; Lee et al., 2019; Rudd et al., 2019), or flash flood
predictions (Reszler et al., 2018; Dougherty and Rasmussen, 2020). Further impact
studies tackle the simulation of renewable energy production — mainly wind energy (e.g.
Carvalho et al., 2012; Ferndndez-Gonzélez et al., 2018), and solar energy (e.g. Jimenez
et al., 2016; Losada Carreno et al., 2020). Several CPM-based studies focus on the
thermal comfort in cities and the effect of the urban heat island (e.g. Argiieso et al.,
2015; Wouters et al., 2017; Ramon et al., 2020). More recently, the representation of the
urban environment and the improvement of the urban parametrisation schemes in CPMs
have been brought into focus (Langendijk et al., 2024). The wide range of examples gives
an insight into how convection-permitting projections have the potential to facilitate
tailored impact studies and can help narrow the gap between climate research and the

needs of end users.

2.3.3 Convection-permitting ensemble simulations

The increase in resolution in CPM compared to RCM simulations is accompanied
by an increase in computational costs. As a rule of thumb, the runtime increases by
factor 10 with double the horizontal grid resolution (Kendon et al., 2021). While the
convection-permitting scale is already routinely used for weather forecasts, it has only
been possible in recent years to model sufficient areas and long enough simulation
periods for climate studies. The computational costs are still the limiting factor in the
design of CPM model studies (Kendon et al., 2021).

To reduce the computational time to reasonable amounts (Fig. 2.7), CPM projections
are generally performed as limited area simulations in which GCM simulations are
downscaled in the area of interest. Furthermore, CPM projections are largely limited to
decadal or multi-decadal time slices and to single realisations. However, the availability
of ensemble projections with multiple realisations is crucial to assess the uncertainty in

the projected changes.
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Figure 2.7: The trade-off between comprehensive climate simulation output and
computational costs in CPM simulation strategies.

The first ensemble of CPM projections was presented by Kendon et al. (2020) in the
UKCP project with 12 members of a perturbed parameter ensemble at 2.2 km resolution
over the UK. The first multi-model CPM ensemble simulations have been carried
out over Central Europe in the CORDEX-FPS (Coordinated Regional Downscaling
Experiments Flagship Pilot Studies program) on convection (Coppola et al., 2018;
Pichelli et al., 2021). Here, five different regional climate models were downscaled from
selected CMIP5 GCMs under the emission scenario RCP8.5, resulting in an ensemble
of 12 members. The projections provide three 10-year time slices (historical, mid-21st

century and end of 21st century).

These current ensemble projections of the CPM are all based on simulations of
relatively short time slices. However, short time slices limit the analysis because they
do not sufficiently sample natural variability, including long-term variability modes such
as the North Atlantic and El Nifio Southern Oscillations (Lucas-Picher et al., 2021).
In addition, simulations of long time periods are a prerequisite for robust statistics,

especially when assessing extremes (Kendon et al., 2017).

The first transient ensemble simulations at convection-permitting resolution have
recently been performed by Kendon et al. (2023) for the UK. Their analysis of record
precipitation events shows that changes in extremes do not follow a smooth trend,
highlighting the limitations of time-slice approaches. This demonstrates the potential
of transient data and represents a pioneering step towards a more robust analysis of
climate change signals. However, the perturbed parameter ensemble used in their study
is based on a single global and regional model, and thus does not fully capture the
range of model uncertainty. Moreover, the scope of their analysis is limited to the UK.
Extending the local results to other regions is vital. Transient multi-model approaches
for a more comprehensive exploration of both internal variability, as well as model

uncertainty are needed.
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In summary, CPMs operating at high resolutions of 1 to 4km explicitly resolve
deep convection, reducing errors associated with traditional convection parametrisation
schemes. They represent a significant advancement in the projection of future climate
change at local scales, especially for precipitation extremes on short timescales, and
provide valuable, tailored climate information to end-users. However, the availability of
CPM projections remains limited due to their high computational cost. This scarcity
of CPM ensemble projections limits the assessment of uncertainties due to climate
variability and model deficiencies, and highlights the need for more ensemble projections

to improve understanding of future climate change signals.

2.4 The climate change signal of extreme precipitation

The sixth IPCC assessment report provides strong evidence that climate change
significantly impacts extreme precipitation and highlights the complexity of these
changes. To contextualize the analysis this section summarises the necessary background
information on the quantification of extreme precipitation (Section 2.4.1), and the
mechanisms through which global warming influences these events (Section 2.4.2). Then
the chapter addresses observed and projected changes in extreme precipitation patterns:
The climate change signal based on daily to hourly intensity is discussed in Section
2.4.3 with a focus on the region of Germany and, more broadly, Central Europe. The
climate change signal on the precipitation event scale is discussed in Section 2.4.4 with

an emphasis on the very high temporal resolution.

2.4.1 Describing extreme precipitation

According to IPCC (2021), an extreme weather event is defined as “an event that
is rare at a particular place and time of year”. However, there are various approaches
to quantifying extreme precipitation, with the method chosen often depending on the
purpose of the analysis. Because extreme precipitation is addressed by various disciplines,
this can lead to inconsistencies in the definitions and types of rainfall statistics used
(Westra et al., 2014). Three commonly used concepts in risk management are extreme
precipitation indices including warning levels, return levels and design storm profiles, as

described below.

Extreme precipitation indices and warning levels

The simplest form of definition is based on fixed levels of precipitation intensity over
a defined period. In Germany, the DWD provides three levels of warnings for heavy

precipitation, based on the following thresholds:

e >15to 25mm in 1h or >20 to 35mm in 6h (Warning of significant weather,

“Markante Wetterwarnung”)
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e >25t040mm in 1h or >35 mm to 60 mm in 6 h (Warnings of severe weather,

“Unwetterwarnung”)

e >40mm in 1h or >60mm in 6 h (Warnings of extreme weather, “Warnung vor

extremem Unwetter”)

Work by the Expert Team on Climate Change Detection and Indices (ETCCDI)
developed a set of standard indices, including the number of heavy precipitation days
(>10mm) and the number of very heavy precipitation days >20mm (Peterson and
Manton, 2008). Further ETCCDI indices tailored to extreme precipitation include the
annual maximum 1-day and 5-day precipitation amounts. Building on the ETCCDI
indices, Pritchard et al. (2023) developed sub-daily indices together with prospective
users. These GSDR-Indices describe precipitation variability and precipitation extremes

in terms of intensity, duration, and frequency properties.

Extreme value theory and return levels

In a more general approach, extreme precipitation can be described in terms of
probabilities. A commonly used statistical approach to estimate low-probability events
and even to analyse the probability of occurrence of events outside the range of observed
data are extreme value statistics. Extreme value statistics consider the distribution
of events and derive extreme values from the tail of a probability distribution. Based
on Coles et al. (2001), the largest independent samples from a fixed distribution will
converge to follow the generalized extreme value distribution (GEV), with the cumulative
distribution function (CDF), provided in Eq. 2.36.

F(z) =exp (— <1 + {(iL‘—/L)>_é) (2.36)

g

1 is the location parameter, o is the scale parameter and £ is the shape parameter.

The case of £ approaching zero is referred to as the Gumbel distribution (Wilks, 2011).
The Gumbel distribution describes data drawn from a tail, where density distribution
decays exponentially, and is suitable for datasets that e.g. follow a normal or gamma
distribution (Wilks, 2011). The CDF of the Gumbel distribution reads:

F(z) =exp (— exp <_w;,u>) (2.37)

The quantiles x of the respective probabilities p can be estimated over the inverted
CDF:

Ty =+ % (CmE)=c-1), for € #0 (2.38)
zp = p—oln(l —In(l —p)), for £ =0 (2.39)
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The parameters of the extreme value distribution are usually determined numerically.
There are several practical approaches to determining the choice of extreme data to
which the distribution is fitted. In the analysis of extreme precipitation, the block
maximum approach is commonly used, where the analysis is drawn from the maximum
values of successive blocks of a time series, usually years (Wilks, 2011). Another common
method is the peaks-over-threshold (POT) approach, where estimation is based on events
exceeding a certain threshold, e.g. the 95th percentile of the distribution (Seneviratne
et al., 2012). Similar to POT, there are further modified approaches that select the n
largest independent values and are referred to as partial duration or partial series data
(Wilks, 2011; DWA, 2012).

Extreme precipitation intensity is commonly expressed in terms of a return level (RL)
associated with a return period (RP). The RP is typically interpreted to be the average
time between the occurrence of precipitation events of that magnitude or greater (Wilks,
2011). The RP is the inverse of the probability p. For example, for annual maximum
data, the intensity x, will have the probability p =1 — F'(x,) of being exceeded in any
given year. x, with an annual probability of p = 0.01 is the RL associated with an RP
of RP = 5t = 100 years, and would be called a 100-year event (Wilks, 2011).

In practical applications, varying durations of precipitation spells are of interest.
Therefore, the evaluation is carried out over different sampling time windows of the
precipitation time series, referred to as duration or event duration (ED). It is important
to note that ED does not correspond to the actual duration of a precipitation event but
to the sampling period of the precipitation intensity. The results are typically presented
as intensity-duration-frequency (IDF) curves, which show the relationship between RLs
for different EDs and RPs (Fig. 2.8). IDF curves are widely applied in engineering

applications and for stormwater management (e.g. Martel et al., 2021).

Design storm profiles

For several engineering applications, it is not sufficient to quantify extreme precip-
itation by intensity over a fixed time window; the temporal profile of a precipitation
event, also known as a hyetograph, is also required. This profile is central to the
design of urban drainage systems, stormwater infrastructure and flood management.
Sub-hourly resolution for the temporal profile is necessary to capture precipitation peaks
and effectively drive impact models (Markolf et al., 2021; Peleg et al., 2024).

The standardised event profiles for use in the design of a hydrologic system are
referred to as design storm profiles (Chow et al., 1988). Different types of design storm
profile approaches exist today and the method is often based on available guidelines,
often at a national level. They can be derived either from observed event profiles or
derived synthetically from IDF curves, generally constructed so that the intensities
correspond to the rainfall intensities in the IDF curve. An overview of the different

concepts is given in Chow et al. (1988). A commonly used method in Germany is the
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Figure 2.8: IDF curve constructed from the heavy precipitation dataset KOSTRA
(see Chapter 4, for details of the dataset) for the example grid point of Karlsruhe
(longitude 8.39, latitude 49.02).

Euler Typ II design storm (Fig. 2.9). This front-loaded profile — a profile where the bulk
of the precipitation occurs towards the beginning of the event — is recommended by the
German Association for Water, Wastewater and Waste (DWA-A 118E) and is widely
used in Germany and Austria (Krvavica and Rubini¢, 2020). The profile is similar to
the internationally applied Chicago Design Storm (Keifer and Chu, 1957). Centred
design storm profiles are used in the UK, with variations for summer and winter storms
(Villalobos Herrera et al., 2023a).

There are indications that hyetographs derived from IDF curves overestimate peak
discharge and flooding, compared to observed hyetographs (Krvavica and Rubinié,
2020; Balbastre-Soldevila et al., 2019). In addition to total precipitation depth, the
characteristics of peak intensity and timing of the peak intensity are identified as key
features of the design profile that also influence the hydrological response (Ball, 1994;
Dullo et al., 2017). Recent observational analysis in the UK has shown that real
rainstorms have a number of different temporal profiles - front-loaded, centred and back-
loaded, the frequency of which depends on the duration of the event (Villalobos Herrera
et al., 2023a). A step towards assessing uncertainty has been taken in Australia, where
the latest iteration of the Australian Rainfall and Runoff Guidelines avoids synthetic

profiles and instead uses a range of observed profiles (Ball et al., 2019).

In summary, several methods are available to quantify extreme rainfall. The common
approaches are extreme indices or statistical methods based on extreme value statistics.
The latter associates extreme RLs with an RP and provides an improved estimation of
very rare events. Although regularly applied in climate science, IDF curves alone do not

fully meet practical needs and for the assessment of the hydrological response in impact
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Figure 2.9: Euler Typ II design storm profile according to the guideline DWA-A
118E, constructed from the heavy precipitation dataset KOSTRA (details in Chapter
4) for the return level of 10 years at the example grid point of Karlsruhe (longitude
8.39, latitude 49.02).

models, high-resolution temporal precipitation profiles are essential. So-called design
storm profiles provide standardised profiles of extreme events and are a well-established

method in practical application, though their use is not without controversy.

2.4.2 Climate change drivers of extreme precipitation

Global warming affects extreme precipitation primarily through two processes: in-
creases in the availability of moisture in the atmosphere with increasing temperature,
and changes in the frequency of atmospheric circulation patterns and the mechanisms
that generate precipitation (Westra et al., 2014). While the former is based on thermody-
namics, the latter can be summarised as a dynamic contribution. The two mechanisms

are outlined below.

Thermodynamic component

A theoretical upper limit to the water-holding capacity of the atmosphere as a function
of temperature is provided by the Clausius-Clapeyron relation (details are in Section
2.1.1). The saturation water vapour pressure increases approximately exponentially
by ~7% per degree at 0°C and ~6 % per degree at 24 °C, referred to as the CC-rate.
Assuming a constant relative humidity in a warming world, this would lead to an increase
in the actual precipitable water to scale with the CC-rate (Westra et al., 2014). If we
anticipate that the most intense events are mainly determined by precipitable water,
the intensity of extremes is expected to increase with the CC-rate over large regions
(Allen and Ingram, 2002).

The assumption of CC scaling of extreme precipitation is based on the constraints

that relative humidity remains relatively constant, that extreme precipitation is mainly
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determined by the precipitable water in the atmosphere, and that atmospheric circulation
does not change significantly with global warming (Lenderink and Van Meijgaard, 2008).
However, dynamic changes can either dampen or amplify the change signal of extreme
precipitation with global warming, leading to regionally significant deviations from the
global trend determined by thermodynamics (Pfahl et al., 2017).

Dynamic contribution

Dynamic contributions range from large-scale atmospheric circulation to local cloud

dynamics (Westra et al., 2014; Fowler et al., 2021a). An overview is given below.

Large-scale circulation Water vapour transport in the atmosphere primarily occurs
through advection, driven mostly by large-scale atmospheric circulation (Vallis, 2017).
With altering large-scale circulation patterns, climate change affects the frequency
and intensity of synoptic and subsynoptic phenomena, including extratropical cyclones,
fronts, mesoscale-convective systems and thunderstorms (IPCC, 2021). However, the
actual changes to the large-scale circulation patterns are not as well understood as the

thermodynamic components.

Relevant for the mid-latitudes, are for example projected changes to the Hadley cell.
A weakening and broadening of the Hadley cell with a poleward movement of tropical
dry zones and mid-latitude jets are expected (IPCC, 2021). This is in agreement with
projected future trends in GCM simulations with high-end emission scenarios (Gillett
and Fyfe, 2013), but projections are highly model-dependent and effects depend strongly
on the region (Stephenson et al., 2006; McKenna and Maycock, 2022). Moreover, it
is still unclear to what extent a shift of the jet is associated with changes in the total
storm track activity (Seneviratne et al., 2012; Shaw et al., 2016).

Dynamic responses and feedbacks within storms Furthermore, extreme pre-
cipitation is altered by dynamic responses and feedbacks within convective storms.
Warming leads to an increase in CAPE, which is associated with enhanced convection
(Romps, 2016; Barbero et al., 2019). The resulting increased latent heat release in a
convective cloud would therefore enhance the updraft motions in the cloud, causing
more air and moisture from the surrounding environment to converge into the cloud
(Trenberth et al., 2003). Stronger cloud feedback has been suggested as one way of
inducing an increase in precipitation above the CC-rate (Loriaux et al., 2013; Westra
et al., 2014).

Other factors that influence storm dynamics and may be altered by climate change
include entrainment, cold pool formation, depth of convection, wind shear, and cloud
organization (Fowler et al., 2021a). The effects are expected to reach down to the
microscale and affect cloud microphysics, particularly for ice and mixed-phase processes
(Singh and O’Gorman, 2014; Fowler et al., 2021a). A higher proportion of graupel and
hail in the cloud is expected with more intense convection, which can increase downdraft

velocities and precipitation rates (Fowler et al., 2021a).
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In summary, an interplay of thermodynamic and dynamic contributions determines
the effects of global warming on extreme precipitation. While the thermodynamic
component leads to an overall increase of the available moisture per degree temperature
increase, following the CC-rate of 6-7 %, dynamics lead to regionally significant deviations
from the CC-rate. The dynamic contribution includes changes to atmospheric circulation

patterns, storm dynamics, and cloud microphysics and the projections are uncertain.

2.4.3 The observed and modelled climate change signal of extreme
precipitation intensities in Central Europe

Observation

Over the past decade, there has been growing evidence from long-term observational
time series, that daily extreme precipitation intensities have increased over Europe
(IPCC, 2021). A significant increase in daily annual maximum precipitation derived
from European station data was found by Sun et al. (2021); Westra et al. (2013); Madsen
et al. (2009). For Central Europe, Zeder and Fischer (2020) derive scaling of daily
annual maximum in the range of CC-scaling with Northern Hemisphere Temperature.
Several studies report stronger changes for longer return periods compared to moderate
extremes (van den Besselaar et al., 2012; Myhre et al., 2019; Madsen et al., 2009).
Regional and seasonal variability is emphasised (e.g. Willems, 2013; van den Besselaar
et al., 2012).

Less certain is the development of extreme precipitation on the sub-daily scale (IPCC,
2021). This is mainly due to the limited availability of long time series with good
accuracy, which is required to analyse a robust change signal due to the strong natural
variability (Willems, 2013). Several regional studies have explored the relationship
between sub-hourly precipitation intensity and temperature or humidity coinciding with
the event to derive so-called apparent scaling rates. Apparent scaling of short, hourly
precipitation intensities is found to be higher than for daily precipitation, though mostly
consistent with CC-scaling over regions (Ali et al., 2021). However, (Lenderink and
Van Meijgaard, 2008) found apparent scaling to exceed the CC-scaling rate. Further
studies in Europe support the finding of apparent super-CC scaling (Lenderink and
Van Meijgaard, 2010; Berg and Haerter, 2013; Loriaux et al., 2013; Formayer and Fritz,
2016; Da Silva and Haerter, 2024). Super-CC scaling is likely to be extended to even
shorter, sub-hourly timescales (Loriaux et al., 2013). Super-CC scaling of extreme
precipitation is argued to originate from a change in the type of rainfall (Haerter and
Berg, 2009; Berg and Haerter, 2013; Da Silva and Haerter, 2024): While precipitation
extremes are predominantly stratiform at low temperatures, at high temperatures
convective extremes become dominant. In the transition zone of stratiform — lower
intensities — to convective events with generally higher intensities, super-CC scaling is
expected, even if each rainfall type scales with CC-rate (Fig. 2.10). Although still under
debate (Moseley et al., 2013; Berg et al., 2013; Lenderink et al., 2017), super-CC scaling
seems to be mainly attributed to the shift in rain type (Da Silva and Haerter, 2024).
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Figure 2.10: Apparent super-CC scaling due to a shift in the precipitation type, based
on Haerter and Berg (2009). The lower plot shows the weighting functions for large-
scale/stratiform (red) and convective (blue) precipitation as a function of temperature.
In the upper panel, the corresponding 99.9th and 75th sub-daily precipitation intensity
percentile of large-scale (red), convective (blue) and total precipitation (black) is
shown. Double CC-scaling is shown in dashed grey.

With many storms in Central Europe involving a combination of precipitation types,
this super-CC shift is vital for evaluating future extreme precipitation (Da Silva and
Haerter, 2024). However, it is uncertain to what extent the observed apparent scaling
will translate into a climate change signal (Fowler et al., 2021a). In particular, dynamic
changes may limit extrapolation of the observed apparent scaling rates of short-duration

intensities into a warmer future (Chan et al., 2016a; Pfahl et al., 2017; Zeder and Fischer,
2020).

Convection-permitting model projections

To assess the transfer of observed scaling to future climate, projections are inevitably
required. As discussed in Section 2.3, CPMs provide a more realistic characterisation
of precipitation extremes compared to coarser RCMs and were found to reduce the
model uncertainty in the climate change signal (Chan et al., 2014a; Kendon et al., 2014;
Fosser et al., 2024). The following results on the projection of precipitation extremes

are therefore limited to CPM studies.

In general, the dynamical downscaling of GCM projections to the convection-
permitting scale supports the observed results in Central Europe of intensification

of rainfall extremes in frequency and intensity with global warming (IPCC, 2021). Un-
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certainty in the magnitude and regional differences are detected. Whereas Kendon et al.
(2014) and Lenderink et al. (2021) find super-CC scaling, Ban et al. (2015), Ban et al.
(2020), and Hodnebrog et al. (2019) find scaling approaching the CC-rate. Regional
differences in the climate change signal across Europe are highlighted e.g. by Hodnebrog
et al. (2019); Pichelli et al. (2021); Fosser et al. (2024), with Pichelli et al. (2021),
showing an increase in extreme precipitation mostly in the alpine region and northwards.
Moreover, CPM studies generally find higher intensification for the most extreme events
compared to moderate extremes (Helsen et al., 2020; Lenderink et al., 2021; Hodnebrog
et al., 2019).

Due to their high computational cost, CPM projections are typically based on time
slices of decadal duration (Ban et al., 2015, 2020; Pichelli et al., 2021; Hodnebrog et al.,
2019; Lenderink et al., 2021) to longer, multi-decadal time slices (Kendon et al., 2014;
Saeed et al., 2016). Ensemble approaches are rarely considered (Helsen et al., 2020;
Pichelli et al., 2021). Indeed, when analysing record precipitation events in the first
transient CPM ensemble for the UK, the authors emphasise that changes in extremes
are not realised in a smooth trend, highlighting the limitations of time-slice approaches
due to internal variability (Kendon et al., 2023). Nevertheless, it is expected that the
perturbed parameter ensemble based on a single global and regional model will still not
sample the full range of model uncertainty (Tebaldi and Knutti, 2007; Caillaud et al.,
2024).

In summary, the trend of increasing precipitation intensities and frequencies with
climate change is supported by observations in Central Europe. CPMs were shown to
adequately represent extreme precipitation changes with temperature. They reinforce
that the change signal is higher for the most extreme events compared to moderate
extreme events. There is no consensus on the magnitude, with climate scaling generally
simulated to be similar to or higher than the CC-scaling rate with regional variations.
The previous limitation of time slice experiments and often single simulation realisations
limits the analysis due to sensitivity to internal variability and there is a lack of
uncertainty estimation. The recent development towards transient CPM data offers

promising derivation of more robust trends.

2.4.4 The climate change signal of precipitation event profiles

Although multiple studies predict the increase of precipitation extremes with tem-
perature, little is known about how these intensity increases will impact the temporal
characteristics of precipitation events. Indeed, the hydrological response to a precipita-
tion event depends not only on the total volume of rainfall but also on the duration
over which it occurs and its temporal distribution. The profile characteristics of peak
intensity and the timing of peak intensity, have been identified to modify the peak
runoff rates and their timing, as well as runoff volumes (Ball, 1994; Lambourne and
Stephenson, 1987; Ochoa-Rodriguez et al., 2015; Cristiano et al., 2017; Dullo et al., 2017;
Hettiarachchi et al., 2018; Pochwat et al., 2017). This is especially true for small and
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urban catchments, which are more sensitive to changes in rainstorm profiles (Lambourne
and Stephenson, 1987; Cristiano et al., 2017; Ochoa-Rodriguez et al., 2015). Despite the
critical importance of linking precipitation volume to its temporal profile, most analyses
of extreme precipitation rely on fixed-duration periods, often daily or hourly precipi-
tation sums. This fixed-duration approach imposes artificial constraints on rainstorm
duration and therefore fails to capture the full range of precipitation characteristics that
drive hydrological impacts. Potential changes in the temporal pattern of precipitation
with increasing temperature aspects have not been sufficiently addressed in climate
change studies (Trenberth et al., 2003; Visser et al., 2023).

Recent studies in regions with long-term data availability have started to explore
event-based analyses of precipitation events under a changing climate. The characteristics
of the temporal profile of interest generally fall into two categories: the steepness or
peakedness of the profile and the timing of the bulk precipitation. Although spatial
variability also plays an important role in hydrological responses, this aspect is beyond

the scope of this work and will not be discussed in depth here.

Profile steepness

First findings of a less uniform temporal pattern of precipitation within precipitation
events were derived by Wasko et al. (2015) based on 6-min station recordings of
precipitation in Australia. Sub-dividing single precipitation events in 5 equal-duration
embedded bursts, scaling with coinciding temperatures revealed more intense peak
precipitation and weaker precipitation of off-peak intensities. Their finding of a steeper
or “peakier” event profile with temperature is most pronounced in the tropics. Long
et al. (2021) confirm the finding of a steeper or peakier event profile with temperature
studying station data in China, and show a concentration of precipitation intensity
with temperature in both space and time within a range of 5 to 24 °C and plateauing
at higher temperatures. Also in the UK, intensification of peak rainfall fraction with
temperatures is confirmed in the analysis of 28 gauges with a 15-min resolution (Fadhel
et al., 2018).

To our best knowledge the first attempt to globally assess extreme precipitation
profile structure was done by Ghanghas et al. (2024). The study is based on rather
coarse satellite data and a temporal resolution of only 30 min. Introducing a metric
of the combined spatio-temporal characteristics of extreme precipitation events they
find “spatio-temporally peakier” storms with higher temperature — meaning intense
precipitation bursts over a smaller area and shorter duration — mainly in the tropics as
well as in parts of western Europe (including England, France, Portugal, and Spain), in
parts of the midwestern United States and northern Australia. However, other areas
in the Northern and Southern temperate regions — including parts of Central Europe —

observe the opposite trend with storms generally tending to expand in space and time.
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Figure 2.11: Potential modes of climate change signal to the temporal precipitation
profile (reprinted from Visser et al., 2023, ©American Meteorological Society. Used
with permission.).

Timing of the bulk precipitation

A systematic study of the climate change signal of the timing of the bulk precipitation
or “event loading” of precipitation profiles in climate change was done by Visser et al.
(2023). Introducing the D50 measure — defined as the percentage of event duration
after which 50% of the rain volume has fallen — they analyse the changes in event
loading of extreme storms in Australia. Profiting from long sub-hourly time series, they
derive not only positive apparent scaling relations between coinciding temperature and
front-loading of events but can derive a climate change signal with a significant increase

in front-loading per decade.

The global analysis in Ghanghas et al. (2024) confirms an increase in front-loaded
storms in the tropics and southern temperate regions with higher temperatures. Con-
versely, temperate regions, especially in the northern temperate regions including Central
Europe show a slight tendency toward more back-loading with coinciding temperature
in extreme precipitation events. Irrespective of geographical location and consistent
with Visser et al. (2023)’s findings for tropical regions in Australia, Ghanghas et al.
(2024) show higher sensitivity of front-loading with temperature for shorter duration

events, with maximum for events of 6 to 12 h.

Based on Visser et al. (2023), Fig. 2.11 visualizes the potential modes of change of

how the two parameters, profile steepness and timing of the peak intensity, impact the
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temporal precipitation profile. The limited studies available point out regional differences
and indicate that dominant precipitation mechanisms and geographic locations play
a key role in how storm structures change. Hypothesised by Ghanghas et al. (2024)
and Visser et al. (2023), the observed changes in extreme precipitation event profiles
could be an indication of modifications in the characteristics of a typical storm event
at increased temperatures: With increasing temperature, a precipitation event tends
to exhibit increased convective properties, resulting in enhanced peak intensity and an

increasingly asymmetric precipitation profile.

Modelling of sub-hourly precipitation

One reason for this research gap is that the analysis of precipitation profiles relies
on the limited availability of high spatial and temporal resolution precipitation time
series over long periods. While global advancements have improved access to observed
hourly-scale rainfall data (Lewis et al., 2019), enabling better analysis of high-intensity
events, this resolution is still insufficient for capturing the full temporal evolution of
short, intense storms. Sub-hourly data remains scarce and is typically limited to regional
observational networks, often on the national level. Long, multi-decadal time series are

rare.

High-resolution model projections on the sub-hourly scale are a promising tool to
overcome the shortcomings of limited data availability of long observational periods and
limited applicability of apparent scaling rates from observations to derive the climate
change signal of precipitation event characteristics. However, the representation of the

sub-hourly scale in climate models is not well understood yet.

First CPM simulations on the sub-hourly scale exist and provide promising results:
Chan et al. (2016b) project an intensification of sub-hourly rainfall with global warming
for the UK but the study lacks evaluation of the model due to missing adequate
observational data. Meredith et al. (2020) performed multi-decadal CPM simulations
over Catalonia and find the bias in sub-hourly precipitation similar to hourly precipitation.
10 years-long simulations of current and future climates in Vergara-Temprado et al.
(2021) for a domain over the Alps can capture the observed percentiles of extreme
sub-hourly precipitation. An event-based analysis by Purr et al. (2021) for Germany
shows that sub-hourly precipitation in a convection-permitting downscaling of the GCM
EC-EARTH adequately reproduces convective cell characteristics including precipitation
sum, area, and peak intensity. The derived climate change signal comprises a shift
towards larger and more intense events, increasing the precipitation sums per cell.
Existing studies reveal the limited pool of sub-hourly model data as well as a lack in

multi-model comparison, and to date no analysis of temporal profile characteristics.

In summary, sub-hourly precipitation and the temporal profile of a precipitation event

have an impact on the hydrological response to an extreme event. However, research
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on a climate change signal of the temporal event profile is still in its infancy. Early
studies hypothesise a trend towards a stronger peakedness and more front-loaded events
in a warmer climate. The analysis is limited by the scarcity of high temporal resolution
precipitation data. To address future risks, it is important to test how well climate
models deal with these features, and the first CPM studies at the sub-hourly scale show

a promising representation of the sub-hourly features of precipitation events.
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The overall aim of this work is to improve the current understanding of the representation
of precipitation extremes in CPMs as well as to pinpoint the possible changes to extreme
precipitation in a warmer future climate over Germany, with an emphasis on the high
temporal resolution. The novel high-resolution 4-member KIT-KLIWA ensemble is
the basis of our analysis. It provides the first transient CPM ensemble projections for
southern Germany and the Alpine region for the period 1971-2100. Furthermore, this
dataset is a unique source of sub-hourly precipitation with a resolution of 5 min. The
following section outlines the research gaps addressed by the thesis and formulates the

four corresponding research questions to be answered in the thesis.

3.1 The climate change signal of precipitation return levels

Multiple studies have addressed the intensification of extreme precipitation in Central
Europe and Germany (Chapter 2). The scientific literature underscores the complexity of
the local changes, including strong regional differences (Hodnebrog et al., 2019; Pichelli
et al., 2021), larger changes for the most extreme events compared to moderate extremes
(Hodnebrog et al., 2019; Helsen et al., 2020; Lenderink et al., 2021), and enhanced
intensification for short-duration precipitation intensities — partially above the CC-rate
(Loriaux et al., 2013; Kendon et al., 2014; Lenderink et al., 2021). These changes imply
a strong need to update infrastructure design strategies to account for the intensification

of extreme precipitation.

However, uncertainty in the magnitude of the climate change signal remains high,
especially at the short, sub-daily timescale. This is partly because long observational
time series are rare and the ability to infer a future climate change signal of precipitation
extremes from day-to-day variability is limited. Climate models of coarse resolution
are deficient in representing the key processes associated with precipitation extremes
(Kendon et al., 2014). High-resolution modelling improves the reliability of projections
of extreme precipitation but data availability is limited due to the high computational
costs. Missing transient simulation data enhances uncertainties in the projections of

extreme precipitation. Past research has mostly relied on time slice approaches that are
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sensitive to the internal variability of the climate system. So far, transient ensemble
simulations of very high resolution are only available in the UK (Kendon et al., 2023).
However, the UKCP perturbed parameter ensemble is expected to not sample the whole
range of model uncertainty (Tebaldi and Knutti, 2007) and to our knowledge to date,

no assessment of transient multi-GCM ensemble is available.

In addition, a variety of approaches have been used in the scientific literature to
assess changes to extreme precipitation in Europe, including assessments of changes
in frequency, changes in intensity of extremes above different thresholds, or the use of
different extreme value statistics. This not only limits the comparability of the different
results but also makes it difficult to translate the valuable information into practical

applications (Fowler et al., 2021b).

We address the research gap of the limitations of high-resolution projections in
the assessment of climate change signals by using the novel KIT-KLIWA ensemble
for Germany. To our knowledge, this is the first analysis of a transient multi-GCM
ensemble and the first transient CPM ensemble over Germany. This permits assessing
the uncertainty in the change signals due to internal variability, which has been a

limitation of previous time-slice approaches for Germany.

Our aim is to provide climate change signals that are as close as possible to the
practical needs of climate adaptation. Therefore, we base this analysis on methods
originally developed for practical applications in the German guideline DWA (2012).
In addition, the analysis covers a wide range of precipitation extremes at different
scales: from hourly to 3-day duration and for return periods from 1 year to 100 years.

Specifically, we address the central research question:

Research question 1: How do precipitation return levels evolve

under global warming as a function of duration and return period?

The analysis addresses this research question in three sequential steps, aligned with the

following research objectives:

a) Evaluation of return levels in CPM historical simulations with observations and

observation-based precipitation risk products.

b) Assessment of climate change factors for return levels of different durations and

return periods from the transient projection period.
¢) Quantification of uncertainties of the derived climate change signal.

This analysis is the subject of Chapter 5. The chapter is based on Hundhausen et al.
(2024).

3.2 Temporal precipitation profiles in CPM

A key finding from the first part of the analysis on changes in return levels (Chapter 5)

is that intensities over short temporal aggregations are expected to exhibit the strongest
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changes in a future climate. Accordingly, we further focus on short-scale precipitation.
There is little knowledge on the sub-hourly scale in CPM and ensemble evaluations are
missing (Chapter 2, Chan et al., 2016b; Meredith et al., 2020; Vergara-Temprado et al.,
2021; Purr et al., 2021). Studies tackling the projected precipitation characteristics

beyond intensity on sub-hourly resolution are rare (Purr et al., 2021).

In this second part of the analysis in the thesis, we therefore evaluate the unique 5-min
resolution CPM dataset in the KIT-KLIWA ensemble. For three ensemble members,
precipitation of a temporal resolution down to 5-min during the historical simulations
(1971-2000) is compared with the dense station and radar observational network over
Germany. An event-based analysis approach for the characterization of event profiles
is developed and the ability of the ensemble to reproduce precipitation event profile

characteristics is tested.
The following research question is central to the analysis:

Research question 2: How well does the CPM ensemble reproduce
the temporal profiles of extreme precipitation events compared to

observations?
The analysis approaches the research question in three steps:

a) Assessment of the 5-min precipitation frequencies in the CPM historical simulations

evaluated with station and radar observations.

b) Development of a precipitation event-based analysis method based on 5-min

precipitation time series.

c¢) Characterisation of extreme precipitation events in the historical CPM simulations

and assessment of bias by comparison with observational data.

The analysis is the subject of Chapter 6. The chapter is based on Hundhausen et al.
(2025).

The analysis in Chapter 6 provides an evaluation of the representation of precipitation
events in the CPM ensemble. The event-based method is the basis for the following
analysis: The event-based approach is applied in a more general way to study the
projected changes in event climatology in Chapter 7, and to study the scaling of

precipitation characteristics in Chapter 8.

3.3 The climate change impact on the climatology of pre-

cipitation events

Event-based assessments of precipitation intensity changes in Europe in CPM were

previously performed (e.g. Kendon et al., 2014; Kahraman et al., 2021; Fosser et al.,
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2020; Miiller et al., 2023; Purr et al., 2021). However, the analysis is in general based
on a temporal resolution of 1h. This constrains the accuracy of the output, especially
for the assessment of short events. To our knowledge, the only sub-hourly event-based
CPM analysis based on multi-decadal projections was done in Purr et al. (2021) using a
Lagrangian cell tracking scheme. The analysis is based on a single model realization

and no consideration of seasonality was made.

To advance the understanding of the event climatology of precipitation events, we
apply the event-based analysis method to the 5-min projection data. The analysis

addresses the research question:

Research question 3: What is the projected climate change signal
for the frequency of precipitation events and how does the climate

change signal manifest seasonally?
The research question is addressed in two steps:

a) Evaluation of mean intensity in the ensemble in the historical CPM simulations
and projection of the climate change signal of the mean event intensity with a

focus on record-breaking events.
b) Assessment of the seasonality of the climate change signal.

The analysis is the subject of Chapter 7. The chapter is based on the article Hundhausen

et al. (2024 — in preparation for re-submission).

3.4 The scaling relation of event profile characteristics

In the final analysis, we zoom in on the temporal profile and assess how it is affected
by global warming. Studies of the temporal profile changes due to warming are in
their infancy (Visser et al., 2023; Ghanghas et al., 2024) and to our knowledge not
available for Germany. This contrasts with the need to quantify potential changes within
the temporal profiles of extreme precipitation events as a basis for how hydrological

applications should accommodate the changes induced by a warming climate.

We address this gap with an investigation of the profile characteristics 5-min peak
intensity (Imax), the 1-h peak intensity (I1h) and mean event intensity (Imean), and
the timing of the bulk precipitation, parametrised over D50. Specifically, we ask the

research question:

Research question 4: How do the precipitation event profile char-
acteristics Imax, I1h, Imean, and D50 depend on temperature and
does this apparent scaling relationship translate into a climate

change signal?

We approach the topic in three steps:

40



3.4. THE SCALING RELATION OF EVENT PROFILE CHARACTERISTICS

a) Evaluation of the apparent scaling rates for Imax, I1h, Imean, and D50 in the

historical CPM simulations.

b) Comparison of the established apparent scaling relations in the historical time

slice with the apparent scaling rates in the future time slice to test whether the

relationships hold in a warmer future.

c) Assessment of the climate change signal of Imax, I1h, Imean, and D50 in the CPM

projection.

The analysis is the subject of Chapter 8.
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Figure 3.1: Schematic overview of the research questions posed in the thesis.

In this thesis (Fig. 3.1), we transition from a statistical description of extreme

precipitation based on intensities over fixed durations (Topic 1: Return Level Changes),

to an event-based analysis of extreme precipitation (Topic 2: Event profiles in CPM).

Utilizing the event-based analysis method, we zoom into various aspects of the climate

change signal on precipitation events, examining changes in the climatology of rainfall

events (Topic 3) and the scaling of temporal event profile characteristics (Topic 4).

Building on these four steps, the analysis of the novel KIT-KLIWA ensemble improves

our scientific understanding of how precipitation extremes are represented in CPMs and

provides insights into future climate change signals over Germany. With a focus on

high temporal resolution and an event-based approach, the analysis advances the use

of CPMs for sub-hourly precipitation and provides a detailed understanding of future

climate change signals of precipitation at the event scale.
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The analysis in the thesis is based on the KIT-KLIWA ensemble. The simulations
have been generated in the context of the project KLIWA (Klimaverdanderungen und
Konsequenzen fiir die Wasserwirtschaft) and extended within the project ISAP (Integra-
tive urban-regional adaptation strategies in a polycentric growth region: Model region
Stuttgart). This chapter describes the simulation ensemble. Further, the observational

reference data is presented.

The chapter reuses parts of the publications Hundhausen et al. (2023), licensed under

a Creative Commons Attribution 4.0 License, and Hundhausen et al. (2024):

Hundhausen, M., H. Feldmann, N. Laube & J. G. Pinto (2023). Future
heat extremes and impacts in a convection-permitting climate ensemble over
Germany. Natural Hazards and Earth System Sciences, 23(8), 2873-2893,
doi: 10.5194 /nhess-23-2873-2023.

Hundhausen, M., H. Feldmann, R. Kohlhepp, & J. G. Pinto (2024).
Climate change signals of extreme precipitation return levels for Germany
in a transient convection-permitting simulation ensemble. International
Journal of Climatology, 44(5), 1454-1471, doi: 10.1002/joc.8393.

4.1 The KIT-KLIWA ensemble

4.1.1 The regional climate model COSMO-CLM

The convection-permitting climate projections are simulated with the climate model
COSMO-CLM (COnsortium for Small-scale MOdelling in CLimate Mode) of ver-
sion COSMO5.0-CLM9 (Rockel et al., 2008). COSMO-CLM originates from the
German weather service forecast model COSMO (Baldauf et al., 2011), which is a
three-dimensional, non-hydrostatic, fully compressible numerical model for the atmo-
sphere including a multi-layer soil-vegetation transfer model TERRA-ML (Schrodin
and Heise, 2001). The model uses a radiative transfer scheme based on Ritter and

Geleyn (1992), the convection parameterisation of Tiedtke (1989) and solves the vertical
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turbulent diffusion with the prognostic TKE scheme from Raschendorfer (2001). The
physical parameterisation is described in further detail by Doms et al. (2013) and the
dynamics and numerics by Doms and Baldauf (2013).

COSMO-CLM has been previously applied in multiple studies over different CORDEX
domains (Sgrland et al., 2021) and on the kilometre scale within the CORDEX Flagship
Pilot Study on Convection (Ban et al., 2021; Pichelli et al., 2021). The source code of
the COSMO-CLM is available for scientific purposes after registering with the CLM

community?!.

4.1.2 Setup

Boundary conditions for the downscaling in the KIT-KLIWA ensemble are projections
of four GCMs from the CMIP5 generation: CNRM-CM5, MPI-ESM-LR, EC-EARTH,
and HadGEM2-ES. The global simulations are based on the emission scenario RCP8.5.
The RCP (Representative Concentration Pathway) scenarios are defined over time series
of greenhouse gas emissions, aerosol emissions, and land use-pattern (Van Vuuren et al.,
2011; TPCC, 2021). They are labelled by the approximate additional radiative forcing
reached at the year 2100 compared to the pre-industrial values from 1850. The additional
radiative forcing is 8.5 W/m? for RCP8.5. RCP8.5 is a high emissions scenario in the
absence of policies to combat climate change, leading to continued and sustained growth
in atmospheric greenhouse gas concentrations (IPCC, 2021). Although the likelihood of
high emissions scenarios is considered low in light of recent developments in the energy

sector, the simulated global warming based on the high-emission scenario cannot be
ruled out (IPCC, 2021).

The GCMs downscaled in the KIT-KLIWA ensemble were selected to cover a range
of climate sensitivities (Nijsse et al., 2020). The climate sensitivity is parametrised over
the equilibrium climate sensitivity (ECS) which is defined as the global mean surface air
temperature increase that results from a doubling of atmospheric CO2. The ECS in the
downscaled GCMs ranges from 3.28 °C (lowest ECS in CNRM-CMS5) to 4.64°C (highest
ECS in HadGEM2-ES). The overview of the ECSs in the ensemble is provided in Table
4.1. The CMIP5 driving data are publicly available at World Data Center for Climate
(WDCC) at Deutsches Klimarechenzentrum (DKRZ). The realisations used for the
downscaling and the according references are provided in Table 4.1. In addition to the
four ensemble members driven by the GCMs, an evaluation simulation was carried out,
by downscaling of the reanalysis dataset ERA40 (Uppala et al., 2005) over the period
1971-2000 (see Hundhausen et al., 2023), which is not analysed within this thesis.

The downscaling was performed in a three-step nesting approach (Fig. 4.1). Each
nesting step was calculated on a grid with rotated geographical coordinates. The first
nest is centred over Europe with a horizontal grid resolution of 0.44° (approximately

50km). An intermediate nest is over Central Europe with a grid resolution of 0.0625°

LCLM community: https://www.clm-community.eu/, last accessed September 2024
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Table 4.1: Overview of the CMIP5 GCMs downscaled in the KIT-KLIWA ensemble.

GCM & realisation ECS Reference historical Reference RCP8.5
CNRM-CMS5, rlilpl  3.28°C  Sénési et al. (2014a) Sénési et al. (2014b)
MPI-ESM-LR, rlilpl 3.66°C Giorgetta et al. (2012a) Giorgetta et al. (2012b)
EC-EARTH, r12ilpl  4.18°C EC-Earth Consortium EC-Earth Consortium
(EC-Earth) (2014a) (EC-Earth) (2014b)
HadGEM2-ES, rlilpl 4.64°C Jones et al. (2014) Sanderson et al. (2014)
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Figure 4.1: Three nesting levels of the KIT-KLIWA simulation: outer 50 km grid,
second 7km grid and final 2.8 km convection-permitting domain.

(7km) resolution, and an inner nest encompasses the area of central and southern
Germany and the Alpine area with a resolution of 0.025° (2.8 km). The first two coarser
nests are calculated over a convection-parametrised RCM simulation with COSMO-
CLM using the Tiedtke convection scheme (Tiedtke, 1989). The model versions for
these coarser simulations are sub-versions of COSMO5.0-CLM (COSMO5.0-CLM9 and
COSMO5.0-CLM3) due to the available versions at the time of the calculation of the
simulation. The inner convection-permitting simulation is done with the COSMO-CLM
version COSMOb5.0-CLM9. The convection parametrisation is only used for shallow
convection as in Hackenbruch et al. (2016). The setup of the convection-permitting
model run is based on the setup of the COSMO-DE standard at the time of the model
calculations (Laube, 2019). Further information on the model setup is provided in the

Supporting Section A.1.

The first two coarser nesting levels were performed transiently from 1971-2100 with
a spin-up of three years (1968-1970). The third nest was originally performed in
30-year time slices preceded by a 3-year spin-up (1968-2000, 2018-2050, 2068-2100;
Schédler et al., 2018). These time slices were later extended (2001-2020, 2051-2070)

to provide a quasi-transient ensemble for the whole period 1971-2100 — except for the
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ensemble member driven by HadGEM2-ES, where only data until 2099 is available. The
overlapping periods (2018-2020 and 2068-2070) were compared for a consistency check
(not shown). No relevant differences were found several months after the simulation
start, in agreement with the findings from Lavin-Gullon et al. (2022). The downscaled
CPM simulations driven by specific GCMs are referred to with an appended -C (GCM-
Name-C).

Sub-hourly, 5-min precipitation is available for three ensemble members EC-EARTH-
C, HadGEM2-ES-C, and MPI-ESM-LR-C for the historical period, 1971-2000. In the
projection period, 5-min data is transiently available to 2100 for MPI-ESM-LR-C and
for the time slices 2000-2021 and 2050-2071 for EC-EARTH-C and HadGEM2-ES-C.

In the current setup, the boundary zone between the inner nests is relatively narrow.
However, there is a relatively small horizontal resolution step (less than a factor of 3)
between the nests, which is smaller than common convection-permitting setups used
today (Ban et al., 2021). This likely decreases boundary effects and enables tighter
nesting. Nevertheless, the boundary zone that was excluded from the analysis of the
innermost domain was relatively large (48 grid points). The assessment of the boundary
effects in the innermost domain indeed revealed that anomalies of temperature, as well

as mean and extreme precipitation, occur well outside the evaluation area.

The final CPM domain covers southern and central Germany as well as the Alps in
the south and parts of France in the west of the domain (Fig. 4.2). The analysis in
the thesis focuses mainly on the German part of the domain. The largest part of the
domain extends over the German region of low mountain ranges — the Western Uplands,
the Eastern Uplands, and the South German Scarplands. The altitude of most of the
low mountain ranges is between 500 and 1500 m - below the tree line. The mountain
ranges are mostly rounded and forested. The Alpine Foreland covers the area in the

southeast of Germany. It is a gently hilly area with altitudes of around 300 to 800 m.

4.1.3 Global warming levels

The transient projection data enables an analysis based on global warming levels
(GWLs). GWLs are generally defined as the anomaly of the global mean temperature
averaged over a climatological period, compared to pre-industrial conditions. The
analysis of GLWs allows improved comparability from the downscaling of GCMs with
differing climate sensitivities or different emission scenarios (IPCC, 2021). Moreover,
the analysis of GWLs benefits from the mitigation of parts of the GCM and scenario
uncertainties and provides information about the effects of climate change given a certain

threshold of warming.

Slightly different approaches to the definition of global warming levels from GCM
data exist in the literature. The reference period from which the anomaly is calculated
is either from 1850-1900 (IPCC, 2021) or a more recent period (Vautard et al., 2014;

Teichmann et al., 2018). To better capture the recent developments of global warming,
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Figure 4.2: Major natural areas in the CPM domain of the KIT-KLIWA ensemble.
The model domain with the boundary zone truncated is displayed in red. Further
information on the major landscapes indicated here with thin black lines is detailed
in Fig. A.1. Shapefiles of the major landscapes: Bundesamt fiir Naturschutz (BfN)
(2011); digital elevation model, EarthEnv-DEM90: Robinson et al. (2014).

the thesis follows the approach in Vautard et al. (2014) and Teichmann et al. (2018),
using the period 1971-2000 as a historical reference period, to which a GWL of 0.46 K

is assigned.

Projected global warming is analysed over the anomaly of a 30-year running window
of global mean surface temperature in the GCM projection, centred around the year in
which the threshold is exceeded. The GWL for the four ensemble members is shown
in Fig. 4.3: The projected increase in GWL since 1971-2000 is relatively similar for
MPI-ESM-LR, EC-EARTH, and CNRM-CM5. For HadGEM2-ES a stronger warming
is found which is partly based on a higher climate sensitivity, in addition, the realisation
in HadGEM2-ES has a relatively cold period in 1971-2000. In this thesis, specifically
the 30-year periods centred around 2 and 3 K of global warming are analysed, hereafter
referred to as GWL2 and GWL3. Table 4.2 provides the years of the respective 30-year

time slices.
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Figure 4.3: Global warming levels in the four driving GCMs displayed over time
(reprinted from Hundhausen et al., 2024).

Table 4.2: 30-year periods corresponding to GWL2 and GWL3 relative to pre-
industrial conditions.

GCM GWL2 GWL3

CNRM-CM5 2029 - 2058 2052 - 2081

MPI-ESM-LR 2029 - 2058 2052 - 2081

EC-EARTH 2026 - 20565 2051 - 2080

HadGEM2-ES 2016 - 2045 2037 - 2066

4.2 Reference data

To evaluate the model output of precipitation and temperature within the thesis,
the following observational datasets are analysed: Station data, radar observation and
aggregated gridded products - namely the HYRAS dataset and the KOSTRA dataset.
An overview of all datasets is provided in Tab. 4.3, and a description of the datasets is

provided below.

4.2.1 Station observations

The DWD operates a Germany-wide station network providing in-situ precipitation
recordings. Since the nineties, the first automated stations have operated routinely on
hourly and sub-hourly resolution (Kaspar et al., 2013, Fig. 4.4a). Stations are operated
in accordance with the WMO guidelines and quality control data are provided by the
DWD. The complete station metadata, such as station relocations, and instrument

changes are available from the DWD Climate Data Center.

In contrast to the model simulations that are representative of an area, station data
is a point measurement, leading to a different footprint of the precipitation output in
the contrasting datasets. Even though approaches for the transfer of data from different

spatial footprints are vastly examined in literature with so-called areal reduction factors,
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the uncertainty associated with those factors is large (e.g. Wright et al., 2014). The
dependence of those factors on different storm types is not well understood yet (Wright
et al., 2014). In order not to introduce additional uncertainty and potentially systematic

errors across the temporal resolutions analysed and focused on in the thesis, no area

reduction factors are applied in the analysis.

associated error analyses within the relevant results sections.

Table 4.3: Overview of the observational datasets and observation-based products.

Dataset Parameter Reference

Station data Hourly precipita- Hourly station observations of precipitation for
tion Germany?

Station data 5-min  Precipita- 5-minute station observations of precipitation for
tion Germany?

Station data

Hourly air & dew
point temperature

Hourly station observations of moisture parame-
ters for Germany*

This shortcoming is detailed in the

Radolan 5-min  precipita- RADKLIM Version 2017.002: Reprocessed quasi
tion gauge-adjusted radar data, 5-minute precipita-
tion sums (YW) DOIL: 10.5676/DWD/RAD-
KLIM_YW_ V2017.002, Winterrath et al. (2018)
KOSTRA Return levels of DWD Climate Data Center (CDC): Grids of re-
precipitation turn periods of heavy precipitation (design precip-
itation) over Germany (KOSTRA-DWD), version
2010R, Malitz and Ertel (2015) & Junghénel et al.
(2017)
HYRAS Daily precipitation Raster dataset of daily sums of precipitation in
mm for Germany - HYRAS-DE-PRE, Version
v5.05, Rauthe et al. (2013)
HYRAS Daily maximum Raster dataset of daily maximum temperature in

°C for Germany - HYRAS-DE-TASMAX, Version
v5.08, Razafimaharo et al. (2020)

temperature

Within the thesis, two subsets of station precipitation records are used, tailored
to the specific research question: Chapter 5 analyses station record long time series
down to hourly resolution, while Chapter 6-8 use sub-hourly station data, but also of
shorter time series length. The criteria for data selection are described in the respective
chapters. In addition, air temperature and dew point temperature recorded at the DWD

stations are analysed in Chapter 8.

4.2.2 Radar

To complement the station point measurements of precipitation, we use the radar
dataset, Radolan, provided by the DWD on a grid with a resolution of 1kmx1km
(Winterrath et al., 2018). Radolan provides 5-min resolution precipitation over Germany

since 2001, and is a composite of 17 radars today (Fig. 4.4b). The correction of the

2Dataset-1D:
3Dataset-1D:
4Dataset-1D:
5Dataset-1D:
5Dataset-1D:

urn:x-wmo:md:de.dwd.cdc::obsgermany-climate-hourly-precipitation
urn:x-wmo:md:de.dwd.cdc::obsgermany-climate-5min-rr
urn:x-wmo:md:de.dwd.cdc::obsgermany-climate-hourly-moisture
urn:x-wmo:md:de.dwd.cdc::GRD_DEU_P1D_ RR_HYRAS-DE
urn:x-wmo:md:de.dwd.cdc::GRD DEU P1D T2M-X HYRAS-DE
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Figure 4.4: (a) Station locations in Germany with sub-hourly precipitation data
available. (b) Radar coverage with yellow shading showing the theoretical coverage of
the radars.

radar data and the transformation of the raw data into precipitation is performed by the
DWD. Central to this process is the adjustment of radar-based precipitation estimates

using station measurements (Bartels et al., 2004).

Due to the sparse data coverage in the first years of operation of the radar network,
the thesis only analyses data for the 20 years from 2003 to 2022. For the analysis in
Chapter 6 to Chapter 8, the radar data are conservatively remapped onto the model
grid at 2.8 km resolution. The interpolated data are hereafter referred to as the “radar
model grid”. As in the simulations, the interpolated radar data are analysed only
over Germany to match the station measurements and to avoid sparse data coverage
outside of Germany. Secondly, the radar data are analysed at the original resolution of
1kmx1km in the grid cell corresponding to allow a direct comparison between the two

datasets (notation “radar station grid”).

4.2.3 Aggregated gridded data products
The high-resolution gridded daily dataset, HYRAS

The HYRAS dataset (short for “Hydrometeorologische Rasterdaten”) processed and
provided by the DWD is an observation-based gridded dataset on a grid resolution of
1km for precipitation and 5km for the temperature variables daily mean temperature
(Tmean), daily maximum temperature (Tmax), and daily minimum temperature (Tmin).
We use the HYRAS dataset of version 5.0, which covers the observation period from
1931 to 2020.

Precipitation in HYRAS is based on daily station measurements of precipitation
totals (6 UTC to 6 UTC of the following day). The regionalisation is done according to
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the REGNIE method (Rauthe et al., 2013). Central to this method is an interpolation
of the observed precipitation anomalies to a regular grid. The interpolation relies on
monthly background climatological fields that are calculated based on data from 1971-
2000. The background fields are based on a multiple linear regression taking longitude,
latitude, altitude, direction and exposure into account. To derive daily precipitation
totals, precipitation anomalies defined as daily precipitation at a station divided by the
value of the background field are calculated at each station. The anomalies are then
interpolated onto the regular grid using inverse distance weighting. Finally, the daily
precipitation at each grid point is determined over the multiplication of the anomaly
with the background field. Details regarding the method are in Rauthe et al. (2013).

A similar approach is applied in the HYRAS dataset of daily mean, minimum and
maximum temperature. This method also accounts for the urban heat island effect and

cold pools. Details are in Razafimaharo et al. (2020).

Daily precipitation from the HYRAS dataset for the period 1971 to 2005 is used for
the evaluation of simulated precipitation in Chapter 5. Tmax from HYRAS is used in
Chapter 8, providing an estimate of the temperature conditions associated with the
radar soundings. For the assessment, HYRAS data is interpolated conservatively onto

the simulation’s grid.

An observation-based rainfall risk product - KOSTRA

As a reference for extreme precipitation return levels (RLs), we use the KOSTRA
dataset, the “Coordinated heavy precipitation regionalisation and evaluation” (originally
“Koordinierte Starkniederschlagsregionalisierung und -auswertung des DWD”) of the
version KOSTRA-DWD-2010R, (Junghénel et al., 2017). The dataset is available from
the DWD and provides RLs of precipitation intensities for return periods (RPs) of 1a
to 100 a with an event duration (ED) of 5min to 3 days. The horizontal resolution of

the gridded dataset over Germany is 8.2 kmx8.2 km.

The data basis for the evaluation of long EDs (ED = 24h to ED = 72h) is the
regionalised daily precipitation sums by the DWD according to the REGNIE method
(Junghénel et al., 2017; Rauthe et al., 2013). The evaluation of short ED<24h is
primarily based on DWD station recordings and additionally high-quality partner

observational networks (Junghénel et al., 2017).

Extreme precipitation in KOSTRA-DWD-2010R is derived in the form of RLs with
the method outlined in the following, the details can be found in Malitz and Ertel
(2015); Junghénel et al. (2017). In a first step, the strongest independent intensity
recordings over the respective ED are selected. The sample size is defined as e = 2.718
times the number of available years. To assure independence between the individual
elements of the series, they must be separated by a precipitation-free period of at least
four hours. For ED > 4h, the minimum interval is equal to the ED (Refer to DWA,

2012, for reference and example of the construction of a partial series). An exponential
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distribution is fitted to the data to derive RLs (as discussed in Section 2.4.1). To avoid
discontinuities in intensities, an adjustment across different EDs was applied. The results
are regionalised using location as well as orographic information (Malitz and Ertel, 2015;
Junghénel et al., 2017). Uncertainties of the extreme value statistical evaluation due to
regionalisation, the long-term natural climate variability, the measurement error, and
the limitations of the station-based extreme value statistical approach are expected.

The DWD provides the following error range (Junghénel et al., 2017):
e 10% for 1a < RP < 5a,
e 15% for 5a < RP < 50a
e 20% for 50a < RP < 100 a

The main application for KOSTRA in Germany is the dimensioning of water manage-
ment structures, for example, the dimensioning of drainage systems, sewage treatment
plants, and retention basins (Malitz and Ertel, 2015). KOSTRA therefore presents
an essential reference for an application-tailored evaluation of extreme precipitation in
Germany. Even though KOSTRA was developed for practical application it has also
been previously evaluated in the peer-reviewed literature to assess extreme events in
climate models (Berg et al., 2019; Poschlod et al., 2021). We use KOSTRA in Chapter

5 as a reference for simulated extreme precipitation intensities.
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5 | CLIMATE CHANGE SIGNAL OF EXTREME
PRECIPITATION RETURN LEVELS

This chapter is an edited version of the peer-reviewed article:

Hundhausen, M., H. Feldmann, R. Kohlhepp, & J. G. Pinto (2024).
Climate change signals of extreme precipitation return levels for Germany
in a transient convection-permitting simulation ensemble. International

Journal of Climatology, 44(5), 1454-1471, doi: 10.1002/joc.8393.

Minor changes have been made to make the article coherent in the context of this

thesis.

5.1 Introduction

The 6th IPCC assessment report provides broad evidence that heavy precipitation
events are expected to become more frequent and intense with global warming (IPCC,
2021). However, the magnitude of the regional changes in extreme precipitation intensi-
ties remains uncertain. The previous CPM analysis of extreme precipitation changes
in Germany is so far based on time slice approaches that are sensitive to the internal
uncertainty of the climate system. Furthermore, previous CPM analysis is mostly based

on single CPM simulation runs and high-resolution ensemble data are rare.

To address these shortcomings, we use the KIT-KLIWA ensemble to track for the
first time the evolution of future heavy rainfall in a transient convection-permitting,
multi-GCM ensemble with a simulation period from 1971 to 2100. We investigate
precipitation return levels (RLs) of different scales: from hourly to multi-day (3d)
duration (ED) and for different return periods (RPs) up to 100a, to cover the wide
range of scales relevant to various stakeholder applications, such as urban drainage

design or regional planning.

Specifically, this chapter addresses the research question: How do return levels evolve
under global warming as a function of duration and return period? To answer the

question, the analysis is subdivided into the following three parts:
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a) Evaluation of RLs in CPM historical simulations with observations and observation-

based precipitation risk products.

b) Assessment of climate change factors for RLs of different EDs and RPs from the

transient projection period.
¢) Quantification of uncertainties of the derived climate change signal.

The chapter is structured as follows: Section 5.2 describes the extreme value statistics
to derive RLs from the simulations and observations, as well as the calculation of the
climate change signal. Sections 5.3, 5.4, and 5.5 present the results corresponding to the

three parts of the analysis. The discussion and conclusion are provided in Section 5.6.

5.2 Methods

5.2.1 Evaluation of precipitation return levels

The analysis of RLs in the CPM ensemble is based on the simulated hourly precipita-
tion time series. For each grid point, we derive RLs for RPs from 1a to 100 a, over EDs
from 1h to 3 days. It should be noted that ED refers to a fixed sampling interval here,
and is not tied to the actual duration of a precipitation event. We analyse the EDs of
1h, 6h, 12h, 24h, and 72h in the projection period and additionally, the ED 2h, 4h,
9h, and 48 h in the historical period. Various procedures for event selection and extreme
value distributions are used in the literature. As elaborated by Pendergrass (2018),
deciding which definition of extreme precipitation to use is critical, especially when
communicating climate change information to other sectors. As our work integrates the
KOSTRA dataset (details are in Sec. 4.2) and is intended to be close to the hydrological
application for Germany, the method is based on the German DWA-A 531 guideline
(DWA, 2012), which is the basis for the KOSTRA-DWD-2010R dataset.

A partial series is generated to select extreme events from the time series. This is
done over the selection of the e = 2.72 times the number of analysed years’ strongest
precipitation peak intensity over the respective ED. To save computational time, the
hourly time series are aggregated over a running window of the respective length of the
ED prior to the event selection and individual rain events are separated from each other

by a rain-free period in the aggregated time series of one day.

According to DWA (2012), we derive plotting positions of the events of the partial
series using Eq. 5.1, with L sample size, M length of the time series in a and k running
index of the sorted samples (k = 1 largest, kK = L smallest intensity). An exponential
function in the logarithmic form of Eq.5.2 is fitted to the data using a least square
polynomial fit. The fit parameter slope wj, and offset u,, define the intensity distribution
for different RP (DWA, 2012).

L+02M

— 1
k—04 L (5:1)

RP(k) =
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Figure 5.1: Study area with the simulation domain indicated in thick black line.
The dots locate the DWD stations that have been recording hourly precipitation since
1995 and have a data coverage of at least 9 years from 1995-2005 - the coloured station
locations within the simulation domain are evaluated in the study. The hatched area
covers the German part of the domain considered in the analysis. Reprinted from
Hundhausen et al. (2024).

RL(RP) = u, + wp - InRP (5.2)

To correct for systematic underestimation of precipitation intensities due to an
equidistant sampling window for ED similar to the sampling frequency, the suggested
correction factors from guideline DWA-A 531 were applied to increase precipitation
depth for small ED: correction factor 1.14, 1.07, 1.04, and 1.03 for the number of 1, 2,
3, and 4 measurement points per ED (DWA, 2012). In our case, an hourly resolution of

the simulation and the observation is available, which leads to corrections for ED < 4 h.

The method is applied to the time series for each ensemble member and at each grid
point individually. For the reference period, the analysis of the CPM simulations is
conducted for the years 1971-2005, which is the historical period of the driving GCMs.
In the projection period, consecutive 30-year running time slices are evaluated, starting
from 2006-2035, and ending with 2071-2100. In addition, RLs are calculated from the
CPM simulations at the model grid cells closest to the station location and for the

respective available measurement period, usually 1995 to 2005.

5.2.2 Evaluation against reference data

The derived RLs from the CPM historical period are evaluated against station data
and KOSTRA. Refer to Chapter 4 for details regarding the observational datasets.
For the analysis, the KOSTRA dataset has been truncated to the simulation domain
(hatched area in Fig. 5.1). The comparison of median RLs as well as the distribution
of RLs in CPM and KOSTRA was conducted using data on their respective original
grids. This approach avoids any potential bias introduced by interpolation during the
comparison. We interpolate KOSTRA data onto the CPM grid to visualise spatial
comparisons. The interpolation was performed using the radial basis function method,

implemented via the function scipy.interpolate.RBF in Python.
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The station observations of hourly precipitation are available from the DWD since
1995 (details are in Chapter 4). We restrict the analysis to stations with large data
coverage in the model historical period, defined as at least 9 years of observations from
1995 to 2005 and stations that are located within the model domain. The locations of
the stations used are shown in Fig.5.1b. The same method for the calculation of RLs
as described above for CPM data is applied to the available time series for each station

individually.

5.2.3 Climate change signal of extreme precipitation

We evaluate changes in extreme precipitation RLs based on 30-year running time
slices in the projection period. A GWL is attributed to each 30-year time slice (details
are in Sec.4.1). To evaluate changes in RLs in the CPM projection with global warming,
we make use of the concept of relative climate change signals (or change factors/uplifts)
similar to Chan et al. (2022) to become more independent of the absolute precipitation
intensities that are subject to model bias (Ho et al., 2012).

We evaluate the change factor (CF) according to Eq. 5.3 as the absolute change in
precipitation normalised by the simulation’s value in the reference period 1971-2005
(RLpjst)- To derive a robust change signal, the CF is evaluated over the slope of a linear
regression to the respective trajectory of RL over GWL (ARL in mm/(K GWL)). CFs
are evaluated for the median RL of the grid points in the evaluation domain (hatched
area in Fig.5.1b), except for the spatial analysis in Fig.5.11 where the procedure is

applied to the model output at each grid point individually.

ARL(RP,ED)
RL(RP, ED)yist

CF(RP,ED) = 1+ (5.3)

5.3 Comparison of simulation and observation-based data

5.3.1 Comparison with station data

The observation of hourly precipitation intensity from stations considered within this
study ranges from 0 to 67mmh~'. The largest fractional contribution is expected for
small intensities (1), with approximately equal contribution for I < 1mmh~! (Fig. 5.2a).
With increasing I, the fractional contribution declines. For large I, scattering due to

sparse data coverage is visible.

Comparing those observational results to the fractional contribution of intensities in
the corresponding grid point of the 2.8 km resolution CPM simulations, the simulations
replicate the shape of the curve: a plateau from 0.0l mm to 1 mm and a declining
contribution for I > 1 mm. However, there is a systematic bias between the ensemble
and the observations (Fig.5.2b). All ensemble members overestimate the contribution

of small intensities, with the largest overestimation seen in HadGEM2-ES-C (solid
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Figure 5.2: (a) The density distribution of fractional contributions of hourly rainfall
from station measurements and the according results in the corresponding grid cell
of 2.8km and 7km simulation output. Coloured single lines correspond to the single
ensemble members. (b) provides the differences between observation and simulations
for the 4 ensemble members. The bin width for both panels is 0.1 mm for the intensity
range from 0 to 1 mm aligned with the resolution of the station measurement. Bin
width is 0.5 mm for the intensity range from 1 to 10 mm and 5 mm for the intensity
range from 10 to 100 mm. Reprinted from Hundhausen et al. (2024).

red line) and the most realistic representation for MPI-ESM-LR-C (solid blue line).
Medium intensities exceeding 0.9 mm (CNRM-CM5-C) or 1.2mm (MPI-ESM-LR-C, EC-
EARTH-C, and HadGEM2-ES-C) are systematically underestimated by the simulations.
The maximum underestimation occurs around 2mm precipitation, with the largest
underestimation in CNRM-CM5-C and again the best representation in MPI-ESM-LR-C
(Fig.5.2b). Observations and simulations converge for higher values, and show a slight
overestimation of extreme events exceeding 6-8 mm (the interval corresponds to the

ensemble range).

The coarser, convection-parameterising simulations on the 7km grid show similar
patterns of over- and underestimation of small to medium intensities as the 2.8 km
simulations, but the differences with respect to the observation are amplified and the
overestimation for small I is extended to larger intensities of 1.5-1.8 mm, above which
the frequency of the respective intensity is underestimated. This underestimation at
higher I is also amplified, with the maximum deviation occurring around I = 3 mm.
This underestimation persists for the highest intensities, and there is no full convergence

between the coarser simulations and the observations (Fig. 5.2a).

In the analysis, data with different horizontal resolutions are compared. As precipi-
tation statistics are related to horizontal resolution the shown improvement of the high
intensities from 7 to 2.8 km is partly attributed to the finer grid resolution in the CPM.
Especially the intensity of short and intense (convective) precipitation extremes is sensi-
tive to resolution (Eggert et al., 2015). To assess the effect of different resolutions alone,
a comparison on a common grid, the 7km grid, is made and the results are provided in
Supplementary Fig. B.1. As expected, the difference in the CPM compared to the 7 km
simulation decreases when the comparison is made on a common grid. However, the

improvement in the regridded CPM simulation compared to the convection parametrised
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Figure 5.3: Median RLs in station observations and CPM simulations at the nearest
neighbour grid point (a) for different RPs with fixed ED of 1h and (b) for different
ED with fixed RP of 5a. In the second row, the differences between simulations and
observations for the above are shown. Reprinted from Hundhausen et al. (2024).

simulations is reproduced for both, low and high intensities. Therefore, we conclude
that an additional improvement comes from the CPM and is attributed presumably to
a more realistic representation of precipitation due to the explicit resolution of deep

convection.

In summary, the CPM simulations better represent the whole spectrum of precip-
itation intensities than the coarser 7km resolution simulations. The features of the
density distribution at high intensities are especially more realistically reproduced on
the CPM scale. However, a slight overestimation of the most extreme events has to be
expected using CPM. This finding holds for a short temporal resolution of 1h. For
longer aggregation times, the CPM simulations tend to systematically overestimate the
contribution of high intensities and there is an increased bias compared to the coarser
grid. This was tested with aggregated station data as well as using the gridded daily
dataset HYRAS. The results are provided in the appendix in Fig. B.2 and revisited in
more detail in Chapter 6.

Comparison of RLs in station and CPM data

The statistically derived RLs from the time series of the station data compared to
the results of the CPM simulations at the respective grid points show the following
patterns (Fig. 5.3):

For different RPs: The CPM simulations generally reproduce the RLs derived from
the station data within a deviation of 4 mm for the three ensemble members MPI-ESM-
LR-C, EC-EARTH-C and HadGEM2-ES-C as shown for the duration of 1h (Fig.5.3a).
The function RL(RP) has a slightly steeper slope in all CPM simulations leading to an
increasing overestimation of RL with increasing RP. Thus, the differences are smallest
for small RPs, and sub-yearly results tend to be underestimated by EC-EARTH-C and
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Figure 5.4: Spatial distribution of the return level with RP=10a, ED=1h in (a)
KOSTRA, (b) the median of the ensemble results and (c) the differences (KOSTRA
subtracted from the simulations). Reprinted from Hundhausen et al. (2024).

HadGEM2-ES-C (Fig.5.3c). The largest error is found for CNRM-CM5-C, with an

overestimation of up to 10 mm for large RP.

For different EDs: Taking the example of a 5-year RP and evaluating different
ED (Fig.5.3b and d), the overestimation of RL is generally smallest for the shortest
duration (1h) and increases with accumulation time. The trend is most prominent for
MPI-ESM-LR-C, where the overestimation ranges from 2 to 22 mm. Only in HaddGEM2-
ES-C, the described pattern is not visible. Here, the overestimation is similar across all

EDs, with approximately 3 mm.

5.3.2 Comparison with aggregated observations in KOSTRA
Spatial analysis of the 10-year return level

The aggregated rainfall hazard dataset KOSTRA provides gridded RLs covering
Germany. In Fig. 5.4a, the hourly 10-year RL (RL10) is shown as an example. RL10
ranges from 27 to 48 mm. Higher values are visible in the Black Forest and the alpine
foreland in the south, while flatter regions in the north generally show a smaller RL10.
An overview of the geographical regions in Germany is provided in Chapter 4 and
Fig. 4.2 therein.

The ensemble median of RL10 of the CPM simulations during the reference period
(1971-2005) ranges from 28 to 50 mm in the German part of the domain (Fig. 5.4b).
There is no clear dependence on orographical structures within this domain for the
ensemble median. There is no clear dependence on orographical structures within
this domain for the ensemble median. Same is true for the single ensemble members
(Supplementary Fig. B.3). The ensemble median shows a slight pattern of lower values
in the centre of the domain, with RL slightly increasing towards the north and south.
Strong spatial patterns in the CPM results are detected only outside the evaluation

domain in the Alps.

The lack of spatial structures for short EDs is consistent with the analysis of obser-
vational data, for example, radar data in Lengfeld et al. (2019), who concluded that

the intensity of precipitation intensities of short compared to longer durations is less
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Figure 5.5: Spatial distribution of the RL with RP=10 a, ED=24 h in (a) KOSTRA,
(b) the median of the ensemble results, and (c) the differences. Reprinted from
Hundhausen et al. (2024).

dependent on orography. Therefore, we attribute the lack of spatial patterns mainly
to uncertainty due to the relatively short time series length compared to the RP of
interest. We expect that longer time series are needed or that using a regression model,
such as that used to derive the KOSTRA dataset, could improve the representation of
the expected patterns associated with orography, and likely explain the differences with
KOSTRA.

The differences between hourly RL10 in KOSTRA and the CPM ensemble lead to an
underestimation of RL10 for areas with high KOSTRA values (Alpine foreland and low
mountain ridges in the southwest of the domain) and a general overestimation in the
north of the domain (Fig. 5.4c). Seemingly random spatial deviations between CPM and
KOSTRA appear superimposed on this pattern. Moreover, exceptionally high RL10 in
KOSTRA in the Alpine foreland stand out (lon ~ 11°E, lat ~ 48°N). At this location,
there is no orographic feature that could explain a mechanism for such a strong local
maximum, but it is assumed that either an error in the data or a strong observed local
event has biased the statistics. This is thus an example of how the method can depend
on individual events even for comparatively short RP (as in the example of 10 years) and
shows that the available, finite observation time series do not always permit a robust

estimate.

For longer ED, spatial patterns of extreme precipitation associated with elevation
become apparent in the CPM ensemble. For example, all ensemble members reproduce
higher daily RL10 in mountainous regions such as the Black Forest compared to the
flat surroundings (Fig.5.5). This pattern is slightly more pronounced in the CPM
simulations than in observations, leading to an overestimation of daily RL10 in these

mountainous areas.

Evaluation across different RPs and EDs

Based on the finding of random spatial deviations in the CPM results for short ED,
we use the median of the grid point results for the comparison of the full range of
extreme intensities over different RPs and EDs between the historical CPM simulations
(1971-2005) and KOSTRA. Both datasets are evaluated over the shared, German, part

of the model domain. The following patterns emerged from the comparison and are
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visualised in Fig. 5.6 and Fig.5.7. The values of the relative differences displayed in
Fig. 5.7 are provided in the appended Table B.1.
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Figure 5.6: RLs in KOSTRA and CPM are shown in (a) for different RPs keeping
ED constant with 1h and in (b) for different ED with constant RP of 10a. Reprinted
from Hundhausen et al. (2024).
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Figure 5.7: The relative differences in RLs for all analysed RPs and EDs are shown for
the four ensemble members separately — top left: MPI-ESM-LR-C, top right: CNRM-
CM5-C, bottom left: EC-EARTH-C, bottom right: HadGEM2-ES-C. Reprinted from
Hundhausen et al. (2024).

For different RPs, constant ED: two different regimes are apparent. For ED<24 h
(small-scale or predominantly convective events), the relative difference between CPM
simulations and KOSTRA decreases (becomes more negative) with increasing RP
(Fig.5.7). This behaviour is determined by the underestimation of the slope of the fitted
function RL(RP), which tends to be too small for the ensemble members MPI-ESM-LR-~
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C and EC-EARTH-C (Fig.5.6). For HadGEM2-ES-C and CNRM-CM5-C, the slope
agrees well with KOSTRA, resulting in a roughly constant absolute overestimation in the
simulations. Apart from ED=1h, the absolute differences almost always increase with
RP, except for further few sub-daily events in EC-EARTH-C. The absolute values are
provided in the appendix in Fig. B.4. In the range of ED>24h (large-scale events), the
pattern in the relative differences is reversed for all GCM: the overestimation increases
with RP.

For different EDs, constant RP: Generally, the difference between KOSTRA and
CPM is smallest for ED=1h, with negative values for the realizations driven by MPI-
ESM-LR and EC-EARTH. For ED<24h, the difference becomes larger with increasing
ED, leading to an increasing overestimation of RL projected by MPI-ESM-LR-C, EC-
EARTH-C and CNRM-CM5-C. No continuous increase is visible in the HadGEM2-ES-C
realization and in CNRM-CMS5-C for low RP. For ED>24h, a reversal of the pattern
is again apparent. Overestimation is largest for ED=24h and decreases with higher
aggregation times. For ED=72h, a negative bias is found in HadGEM2-ES-C for low
RP. Exceptionally large deviations between simulation and KOSTRA are found for
daily ED.

The deviation between the spatial median in KOSTRA and CPM ensemble ranges
from -7% to 10% for hourly duration, excluding the outlier CNRM-CM5-C with
significantly higher deviations (up to 27%). For sub-daily events with ED>1h, a
positive bias/overestimation is expected for the model (2 to 23 %, excluding CNRM-
CM5-C). Longer events (ED>24h) show the largest overestimation and variance with
-2 to 27 % deviation — excluding CNRM-CM5-C with up to 47 % overestimation.

Distribution-based evaluation

The best agreement and no systematic over-/underestimation compared to KOSTRA
was found in the ensemble for hourly ED and medium RP, which is in this case around an
RP of 10 a, which corresponds to one third of the analysed time series length. Therefore,
hourly RL10 serves as an example for more detailed analysis of the distribution in
Fig.5.8. Both KOSTRA and the four ensemble members exhibit a positive skew, with
the CPM ensemble displaying more pronounced tailing and larger values for the most
extreme events. The distribution of CPM simulation results is generally smoother than
in KOSTRA. RLs derived from station data are generally lower than KOSTRA or CPM
ensemble results. Station results show larger scattering, which is mainly attributed to

shorter time series which increase uncertainty in extreme value statistics.

5.3.3 Implications

We conclude that there is adequate agreement between the CPM ensemble and station
measurements for hourly rainfall intensities, with an added value in the CPM simulations

beyond the mere higher resolution compared to coarser simulations. Confidence in RLs
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Figure 5.8: RLs for ED=1h and RP=10a in KOSTRA, derived from the available
station data and from the four ensemble members in the CPM ensemble for 1971-2005.
The distribution is evaluated over the German part of the model domain for KOSTRA
and CPM simulations, and over all available stations within this domain for station
data. Reprinted from Hundhausen et al. (2024).

in the CPM simulations is higher for short ED (hourly to sub-daily), as they are in
better agreement with the observations (station and KOSTRA). The mean bias is not
necessarily smaller with short RP. In general, there is an overestimation of the RL
by the CPM simulations, except for ED=1h. The positive skew of the distribution of
hourly RL10 is represented by the simulations, but there is a greater magnitude of the
largest possible extreme events. We find higher confidence in the ensemble members
driven by MPI-ESM-LR, EC-EARTH and HadGEM2-ES. CNRM-CM5-C is likely to

overestimate extreme precipitation.

Our analysis implies that we have more confidence in the simulated values that are
similar to those in KOSTRA. However, it is important to consider the limitations of
this comparison. KOSTRA and the CPM ensemble consider different time periods.
Moreover, also observational datasets come with limitations in accurate, high-resolution
rainfall measurements, especially for intense events accompanied by strong winds (e.g.
Sieck et al., 2007). Data retrieval and interpolation in complex terrain is challenging due
to sparse observations (e.g. Henn et al., 2018). Systematic errors can be expected in the
observations, especially for short events and complex terrain. Moreover, the large bias
between the model and KOSTRA associated with daily ED raises the question whether
this effect could originate from a discontinuity in the data source in KOSTRA or is an
impact of applied corrections in KOSTRA. The bias compared to the simulations is
therefore treated here as a reference rather than the ultimate truth. Based on these
considerations, observational data was therefore not used for bias correction but to
account for systematic model errors; change signals of percentage increase are derived
in the following similar to Chan et al. (2022).
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5.4 Future development of heavy precipitation

The projection period 2006 to 2100 of the CPM ensemble covers global warming
levels from 1 to 5K, depending on the driving GCM (details are in Sec.4.1). The
following patterns are derived from the change signal of the RLs over global warming

level in the projection period (Fig.5.9).

If ED is kept constant and RP is varied, the main change is an increased
slope with greater RP. The shape of the curve (local maxima and minima) remains
independent of RP (Fig.5.9a). This is as expected for the displayed values from the
same underlying extreme value fits. For the relative increase with global warming,
approximated by a linear regression over the normalised RL-GWL curves, three out
of four ensemble members project an enhanced increase of RL with RP for ED<24
(Fig. 5.9¢). Only CNRM-CM5-C shows an approximately constant change factor for all
RPs for ED=1h. For large ED=72h, a reverse pattern is observed for the majority of
the ensemble members (MPI-ESM-LR-C, EC-EARTH-C and HadGEM2-ES-C), where
the relative increase is slightly larger for small RPs than for large RPs. There is no
agreement on a common trend in the projections at ED=24h and the change signal is
approximately constant, especially for EC-EARTH-C and HadGEM2-ES-C.

If RP is kept constant and ED is varied, the projected increase is substantially
affected, altering the shape of the intensity trajectory with GWL (Fig. 5.9b). Different
local maxima and minima emerge. However, similarities in the curves indicate that the
same event appears to be partially sampled at several EDs. In terms of the relative
change signal (Fig.5.9¢), increasing ED generally leads to decreasing change factor for
DS<24h. Only CNRM-CM5-C shows lower values for ED=1 and thus no steady decrease.
For ED=72h, there is no common trend in the ensemble. While in EC-EARTH-C and
MPI-ESM-LR-C, the pattern is visible throughout all EDs and the change factors are
smallest for ED=72h, CNRM-CM5-C and HadGEM2-ES-C show similar or slightly
higher magnitudes for ED=72h compared to ED=12h.

The climate change signal is therefore expected to be largest for short ED and long
RP. The projected increase in extreme precipitation per degree warming, in this case,
reaches up to 8.5% (EC-EARTH-C) or up to 5.9% and 6.1 % (MPI-ESM-LR-C and
HadGEM2-ES-C). CNRM-CM5-C shows a maximum change signal of 8.1 % for sub-
daily events, which is well within the range of other models assigned higher confidence
due to better agreement with observations and similar projected development of RLs.
The change signal is in the range of the CC-scaling. Super-CC scaling is projected by
EC-EARTH-C and CNRM-CM5-C. Events with longer EDs also increase with GWL
but to a lesser extent from 0.8 % (MPI-ESM-LR-C) over 2.3 % (EC-EARTH-C) to 4.3%
(HadGEM2-ES-C) for 3-day ED and large RP. CNRM-CMS5-C indicates that also for
those long ED larger change signals may be expected (up to 6.8 %). Please refer to

Tab. B.2 for an overview of all extracted change signals.
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Figure 5.9: (a) Projected change compared to the reference period (1971-2005) for
ED=1h and variable RP=1, 5, 10, 20, 50 and 100a (with increasing transparency)
for MPI-ESM-LR-C, EC-EARTH-C, CNRM-CM5-C and HadGEM2-ES-C (from top
to bottom), (b) for RP=10a and variable ED=1, 6, 12, 24 and 72h (with increasing
transparency). (c¢) Relative percentage increase of RL, normalised to the corresponding
value in the reference period 1971-2000. The increase is evaluated over a linear
regression in the projection period — top left: MPI-ESM-LR-C, top right: CNRM-
CM5-C, bottom left: EC-EARTH-C and bottom right: HadGEM2-ES-C. Reprinted
from Hundhausen et al. (2024).

In summary, for sub-daily events, the change signal increases with RP, whereas for
large-scale multi-day events (ED=72h), the change signal decreases with RP. The
highest climate change signals, ranging from 6 to 9 %, are associated with the shortest

ED, falling within the range of CC-scaling and partly super-CC scaling.

5.5 Uncertainty in the climate change signal

Apart from identifying the major patterns of change in extreme precipitation, the
continuous assessment over GWL using a running 30-year window reveals the inherent
variance in the increase in extreme events, visible as local minima and maxima in the
trajectories of RLs over GWL (Fig.5.9a and b). This variance is approximated by the
residual standard deviation of the linear fit, which is a measure of how well a linear
relationship describes the future development of RLs with GWL. The residual standard
deviation ranges from 0.8 and 2 percentage points (PPT) (10th to 90th percentile)
for most RP-ED combinations (Fig.5.10a). The highest residual standard deviations
are found for large EDs in MPI-ESM-LR-C, HadGEM2-ES-C, and CNRM-CM5-C.
However, the magnitude differs for the individual ensemble members. CNRM-CM5-C
and HadGEM2-ES-C reach maximum residual standard deviation of 3.5 and 3.0 PPT
for long ED and large RP, while MPI-ESM-LR-C and EC-EARTH-C show maximum
values of 1.4 and 1.7 PPT for all tested configurations. For ED>6h, all GCMs show
an increasing residual standard deviation with increasing RP. However, this pattern is
reversed for most ensemble members (MPI-ESM-LR-C, CNRM-CM5-C, and HadGEM2-
ES-C) for ED=1h. No consistent result within the ensemble is found for ED=6h.
The derived trends at large ED, as the apparent decreasing change signal with RP for
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Figure 5.10: Different types of uncertainty in the climate change signal of extreme
precipitation for different RP and ED. (a) The residual standard deviation is calculated
for the linear regression that was used to approximate the change signal of extreme
precipitation with global warming. (b) The ensemble spread corresponds to the range
between the minimum and maximum ensemble member projections of the relative
change signal. (c) The spatial standard deviation is calculated over the increase at
each grid point in the domain. For (a) and (c), the sections in the graph correspond to
the ensemble members, top: MPI-ESM-LR-C right: EC-EARTH-C, bottom: CNRM-
CM5-C, left: HadGEM2-ES-C. Reprinted from Hundhausen et al. (2024).

ED=72h, are thus associated with greater uncertainty. These findings suggest that
a linear regression describes the trend better for short EDs and less accurately for
large ED and large RP. The availability of a transient simulation allowed local minima
and maxima in the climate change signal to be smoothed. The analysis suggests that
caution should be taken when applying a linear assumption to the analysis of time slice
experiments, as significant stochastic errors can be expected, in contrast to transient

data series.

Further uncertainties arising from differences in GCM formulation are expected and
can be estimated from the ensemble spread (Fig.5.10b). The ensemble range in the
relative increase with GWL depends mainly on the ED and is between 2 and 3 PPT
for the majority of the EDs studied up to 24 h and is relatively independent of RP for
ED<24h. The range is significantly higher for ED=72h up to 6 PPT, mainly due to the
exceptionally low RL changes projected by MPI-ESM-LR-C. The spread increases with
RP for ED=24, 72h. The relationship found indicates that the spread is particularly
pronounced for long events (72h), which are thought to depend on large-scale circulation
patterns predetermined by the GCM and propagated into the RCM domain. Events of
shorter duration, for which little spread is found here, are likely to be mainly controlled

by the RCM, which is identical for all ensemble members in our analysis.

In contrast, the spatial variance depends mainly on the RP (Fig.5.10c). For all
ED, it increases with RP up to 9PPT (HadGEM2-ES-C), 10 PPT (MPI-ESM-LR-C,
CNRM-CM5-C) and 11 PPT (EC-EARTH-C) for RP=100a. MPI-ESM-LR-C tends to
show higher variance for shorter durations, while HadGEM2-ES-C shows the highest
variance for longer durations of 12 and 24 h. For CNRM-CM5-C and EC-EARTH-C, the
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maximum spatial variance is centred around ED=6h, and ED=12h. The magnitude of
the spatial variance is similar for all ensemble members. For large RP (approximately
RP>15a), the spatial variance is in the order of magnitude of the change signal itself.
The results highlight uncertainties in estimating RLs from time series with a length close
to or smaller than the RP. This implies that the robustness of a single grid point result
is not given and that information can be derived from the consideration of multiple

points only.

Analysis of the spatial patterns with respect to the climate change signal shows no
dependence on the geographic location or orographic features (Fig.5.11). Because of
this stochastic nature of the climate change signal across the domain, we treat the
spatial distribution of the individual grid point results as an estimate of uncertainty.
On examination of the evolution of RL10 with ED=1h and RP=10a at GWL2 and
GWLS3 in Fig. 5.12, the main feature is a shift of the distribution. All ensemble members
project a positive shift of the median from historical, over GWL2 to GWL3 (Tab.5.1).
The distribution is right-skewed, with longer tailing towards higher RLs, indicating the
possibility of local exceptionally high RLs. The skewness does not show a clear climate
change signal, remaining relatively constant for the ensemble members EC-EARTH-C,
and HadGEM2-ES-C, slightly increasing for CNRM-CM5-C, and decreasing for MPI-
ESM-LR-C (Tab.5.1). The distribution widens for all ensemble members from historical
to GWL2 to GWL3, as indicated by the increase in the interquartile range (Tab.5.1).
This effect is strongest for CNRM-CM5-C (increase of 1.5 mm) and EC-EARTH-C
(increase of 1.2mm) and less pronounced for MPI-ESM-LR-C and HadGEM2-ES-C with
0.9 and 0.7mm. The broadening of the distribution indicates that extreme precipitation
will become more variable in the future. These patterns derived from hourly RL10
are largely consistent for events of further RPs and duration, and are provided in the
appendix for RPs between 5 and 30 years in both hourly and daily EDs (Table B.3).
The median increases consistently for all configurations. The interquartile range shows
an increase except for the ensemble member MPI-ESM-LR-C for the daily ED in GWL2.
In general, the change in RP alone has little effect on the observed patterns within
the ensemble, but amplifies the changes for the median and interquartile range. The

skewness shows no common projected patterns even in further configurations.

Table 5.1: Statistics of the distribution of hourly 10-year RL sampled over all grid
points in the domain.

Median Interquartile range Skewness
Driving GCM in mm in mm
hist GWL2 GWL3 | hist GWL2 GWL3 | hist GWL2 GWL3
MPI-ESM-LR | 33.5 374 39.2 4.7 5.5 5.6 0.68  0.52 0.38
EC-EARTH 32.4 35.7 38.6 4.7 5.7 6.2 0.32  0.29 0.33
CNRM-CM5 39.4  40.6 43.8 5.4 6.1 6.7 0.50  0.55 0.63
HadGEM2-ES | 35.5 37.5 39.3 5.1 5.6 5.8 0.37 043 0.40
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Figure 5.11: Climate change signal for the single grid points displayed as contour
plots. The RP is 10a. Different EDs are arranged in rows for ED=1, 6, 12, 24,
72h (from top to bottom). Columns show the ensemble members MPI-ESM-LR-C,
EC-EARTH-C, CNRM-CM5-C, HadGEM2-ES-C, and Ensemble median (from left to
right). Reprinted from Hundhausen et al. (2024).
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Figure 5.12: Distribution of hourly 10-year RL over the evaluation area for (a)
GWL2 and (b) GWL3. The distribution in white represents the results from the
reference period 1971-2005. Reprinted from Hundhausen et al. (2024).

In summary, sensitivity analysis provides evidence that there is a substantial residual
standard deviation in the linear fit (5% confidence interval from 0.8 to 2PPT) and
that uncertainty is expected especially for large-scale events. The ensemble spread in
the multi-GCM, single-RCM ensemble is significantly smaller for small-scale events
(2-3PPT) than for large-scale events (up to 6 PPT). Analysis of the spatial distribution
of the climate change signal revealed a standard deviation in the order of magnitude of
the climate change signal itself for large RP. Further analysis of the spatial distribution

shows that the change in mean RL is accompanied by an increase in variance.

5.6 Discussion and conclusion

Based on the analysis of extreme precipitation in the transient CPM climate ensemble
over Germany, we compare simulated RLs to observation-based extreme values, derive
climate change signals of RLs, and assess their uncertainties. The chapter draws three

main conclusions:

e The CPM simulations show a good coverage of the range of hourly precipitation
intensity observed at the stations. Compared to the station observations and to
KOSTRA, a better agreement with the CPM simulations is found for RLs with
short EDs. In general, the simulations overestimate the RL for EDs longer than
1h.

e« The CPM simulations project climate change signals of extreme precipitation
intensities of up to 6 or 8.5% increase per K increase in GWL depending on the
ensemble member. Events with short duration and long RPs are expected to

change the most.

e Analysis of the uncertainty in the climate change signal revealed a substantial

residual standard deviation of the linear approximation of RLs with GWL. The
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model spread is significantly smaller for short ED. The apparent spatial uncertainty
implies that estimates for long RP are only possible for pooled spatial information.

Furthermore, the spatial variance is expected to increase with climate change.

The comparison of the CPM ensemble with station data shows the agreement of the
hourly intensity range in CPM and an added value in the fractional contribution of
precipitation intensities compared to conventional, convection parametrised simulations
(here 7km). This more realistic representation of rain events, especially of short duration,
is consistent with previous research (Ban et al., 2014; Chan et al., 2014b; Fosser et al.,
2015; Ban et al., 2020). Also the tendency to overestimate observed heavy rainfall in
the CPM aligns with previous analyses (Kendon et al., 2012; Fosser et al., 2015).

Spatial patterns of extreme precipitation associated with orography are represented
in the CPM ensemble for longer, daily durations. However, likely due to the relatively
short time series length, shorter (hourly) extremes do not reflect spatial patterns without
the application of regionalization techniques. Still, our confidence in RLs from CPM is
higher for short (hourly to sub-daily) events than for daily to multi-day events due to
better agreement with station data and KOSTRA. The mean absolute bias is usually —
but not necessarily — smaller for short RPs. The relative mean bias generally decreases
with RP for sub-daily (except hourly) ED and increases for daily to multi-day events.
In general, RLs are overestimated by CPM. An underestimation of the RL was only
found for the shortest evaluated ED of 1 h and high RP. We have higher confidence in
the three ensemble members driven by MPI-ESM-LR, EC-EARTH, and HadGEM2-ES,
due to a larger overestimation for the simulation driven by CNRM-CM5. We expect a
mean bias in the order of +10% for hourly ED, up to 23 % for sub-daily events with
ED>1h and up to 27% for daily and longer events in the CPM ensemble, excluding
CNRM-CM5-C. The findings complement previous comparisons of simulations with
KOSTRA or observations by Berg et al. (2019); Poschlod et al. (2021); Ban et al. (2020),
who described increasing overestimation with ED by the simulations but for coarser
resolution. As we assume a systematic bias in the simulations and shortcomings in the
observations, we support the concept of climate change factors or uplifts (Chan et al.,

2022) for a more robust assessment of future extreme precipitation.

There is agreement among the ensemble members that extreme precipitation increases
with GWL on all time scales considered. Fig.5.13 summarizes the main patterns in
the ensemble regarding the relative climate change signal: For sub-daily events, the
change signal increases with RP. In contrast, for large-scale events (ED=72h), the
change signal is relatively constant or decreases with RP. The strongest change signals
are associated with the shortest ED and tend to decrease with larger ED for sub-daily
events. For daily to multi-day events, no consistent pattern could be derived. The
highest change signals are therefore associated with the shortest ED (hourly) and large
RP, where an increase of 6 to 8.5% is projected, which is in the range of CC-scaling

to slightly super-CC scaling. This strongest increase of extreme precipitation for short
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Figure 5.13: Schematic for the development of future intensity and duration curves.
Changes are expressed in terms of relative change factors. The dependency of those
change factors Agmali/large a0d Bgmall /large 0N Teturn period and duration is illustrated.
The absolute values are not the subject of the diagram. Reprinted from Hundhausen
et al. (2024).

rainfall events is in agreement with previous research (Lenderink et al., 2021; Hodnebrog
et al., 2019; Berg et al., 2019; Rajczak and Schér, 2017; Ban et al., 2020, 2015).

The finding of a larger increase for more rare events from hourly to daily duration is
consistent with previous findings based on regional climate projections (e.g. Li et al.,
2019; Rajczak and Schér, 2017; Helsen et al., 2020; Ban et al., 2015). For very long,
multi-day events, we could not identify an increase in the change signal with RP. Ban
et al. (2020) found a similar behaviour of 5-day events in winter over the Alpine region.
This behaviour of long events is likely influenced by shifts in the large-scale circulation

patterns.

The sensitivity analysis showed that there is a substantial residual standard deviation
for the linear fit of the intensity trajectories over GWL, especially for long EDs. The
ensemble spread is significantly smaller for small-scale, sub-daily events (2-3 PPT) than
for large-scale, multi-day events (up to 6 PPT). This difference is attributed to the
influence of large-scale circulation patterns on long events (Kautz et al., 2022) carried by
the GCM, while small-scale events depend more on the thermodynamic representation
in the CPM. The spatial distribution of the climate change signal was shown to have a
standard deviation in the range of the magnitude of the change signal itself for large RP.
This suggests that robust estimates can only be derived from the distribution of results
or pooled spatial information. Moreover, the width of this spatial distribution is found

to increase with global warming, indicating an increasing variability of extreme events.

Limitations of the analysis are that our conclusion is based on CMIP5 simulations
and only four ensemble members and thus results potentially differ for other CMIP-
based ensembles. Comparing daily extremes of annual RPs, Seneviratne and Hauser
(2020) did not find different climate change signals in CMIP6 compared to CMIP5 in
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Central Europe. However, there are indications of an added value of CMIP6 simulations,
including a better representation of blocking for some models (Schiemann et al., 2020).
Furthermore, our analysis is limited to one RCM, which is suggested to largely determine
the representation of short events. The uncertainty in the change signal for small-scale
events may not be fully captured in the multi-GCM and single-RCM ensemble used.
A matrix of CMIP6 GCMs and RCMs, such as is currently being targeted in the
project NUKLEUS (Actionable local climate information for Germany), could be key to

clarifying the robustness of trends in future ensembles.

The analysis also highlighted uncertainties in the methods used to estimate future
extreme precipitation statistics. The variability in the results of individual grid points
was discussed and is probably determined by short time series and therefore limited
occurrence of rare events. Future investigations making use of the increasing number
of CPM simulations available will show whether the uncertainty can be reduced with
additional model data. In addition, spatial pooling approaches could reduce uncertainty
in RL estimates. For example, Chan et al. (2022) were able to resolve spatial patterns

of short events using a regression model.

Overall, the analysis emphasises that new products for rainfall risk management are
needed today for sustainable (future/long-term) planning and management of climate
adaptation and gives an indication of which thresholds are particularly sensitive to
climate change, namely short-duration and long RPs. Moreover, we found an increased
variability of future extreme precipitation. This is expected to pose a challenge for the
application as the incorporation of uncertainty, also in impact modelling, may become
more important. To avoid underestimating the risk, more conservative approaches that

consider higher percentiles than the median may be reasonable.

In addition, the chapter emphasises the considerable standard error associated with
evaluating individual time slices as it is common practice in CPM downscaling. By
utilizing a transient projection and considering inherent variance, we obtained a more
robust change signal. This highlights the benefits of conducting long transient ensemble

simulations and underscores the necessity for such simulations.
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6 | EVALUATION OF PRECIPITATION EVENT
PROFILES IN THE CPM ENSEMBLE

This chapter is an edited version of the following article in Weather and Climate

Extremes:

Hundhausen, M., H. J. Fowler, H. Feldmann, and J. G. Pinto, 2025: Sub-
hourly precipitation and rainstorm event profiles in a convection-permitting
multi-GCM ensemble. Weather and Climate Extremes, 48, doi: 10.1016/
j-wace.2025.100764.

Minor changes have been made to make the article coherent in the context of this

thesis.

6.1 Introduction

The findings from Chapter 5 indicate that the intensification of extreme precipitation
in a warming climate in Germany is strongest for short and intense precipitation spells.
The largest climate change signal was indeed found for intensities over the shortest
temporal window analysed in Chapter 5 of 1 h. This prospect is a major concern because
short and heavy precipitation peaks have the potential to trigger flash floods (Archer
and Fowler, 2018). Their short response time, rapid water level rise and great runoff
peak depths can lead to high mortality (Archer and Fowler, 2018) and cause significant

damage, especially in urbanized areas (Darwish et al., 2018).

Besides the precipitation depth and the peak precipitation, the impacts of an extreme
event are also influenced by its temporal profile, including the timing of the peak intensity
(Hettiarachchi et al., 2018; Lambourne and Stephenson, 1987; Miiller et al., 2017; Ng
et al., 2020; Zhu et al., 2018), which often occur on sub-hourly time scales. Accurately
representing sub-hourly time scales in climate models, including the temporal profiles of
extreme precipitation events, is crucial for adjusting design storm profiles for climate
adaptation and for confidence in the projected climate change signals. However, previous
CPM studies analysing extreme precipitation events have often been limited to daily or,

less frequently, hourly model output (Kendon et al., 2012; Chan et al., 2023a; Fosser
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et al., 2020, 2024; Miiller et al., 2023), and little is known about sub-hourly extremes in
CPMs (Chan et al., 2016b; Meredith et al., 2020; Purr et al., 2021).

Therefore, this chapter investigates sub-hourly precipitation in the KIT-KLIWA
ensemble. For three ensemble members, we compare extreme precipitation at a temporal
resolution down to 5-min for the historical simulations (1971-2000) with the dense
observation network over Germany. This represents the most comprehensive, and the
only multi-model, study of sub-hourly precipitation in a convection-permitting climate
ensemble to date. While common analytical approaches remove the natural temporal
correlation structure of precipitation events, we develop an event-based approach to
improve the understanding of the precipitation biases in CPM simulations by examining
the representation of (sub-hourly) characteristics of rainstorms in CPM historical

simulations.

This chapter addresses the research question: How well does the CPM ensemble
reproduce the temporal profiles of extreme precipitation events compared to observations?

To address the research question, the analysis is built on the following three steps:

a) Assessment of the 5-min precipitation frequencies in the CPM historical simulations

evaluated with station and radar observations.

b) Development of a precipitation event-based analysis method based on 5-min

precipitation time series.

c¢) Characterisation of extreme precipitation events in the historical CPM simulations

and assessment of bias by comparison with observational data.

The chapter is structured as follows: Section 6.2 provides a description of the methods
with a focus on the development of the event-based analysis. Section 6.3 presents the
results of the 5-min frequency analysis in the CPM and observational data. Section 6.4
presents the first results of the event-based analysis with an overview of the detected
events. Section 6.5 evaluates the simulated event characteristics against observational

data. The discussion and conclusions are provided in Section 6.6.

6.2 Methods

6.2.1 Development of an event-based analysis

In an event-based analysis, a rain event is defined as a series of precipitation recordings
separated from the next event by a sufficiently long rain-free period, which is referred

to as the inter-arrival time.

The inter-arrival time

Event-based approaches often rely on a subjectively defined interval based on expert

knowledge of the climatology of precipitation in the region of interest (Villalobos Herrera
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et al., 2023b). Statistical approaches have been proposed to provide a more objective
definition of inter-arrival time. We follow the approach formulated by Restrepo-Posada
and Eagleson (1982) and successfully implemented and applied to rainstorm observations
in the UK by Villalobos Herrera et al. (2023b).

When events of “point” or “instantaneous” occurrence occur randomly over time,
their arrivals are described by a Poisson process. For such events, the distribution of

intervals, t,, between Poisson arrivals is distributed exponentially:
f(ty) = we™¥ta (6.1)

with t, > 0 and the average arrival rate w. However, in contrast to the mathematical
concept, precipitation events have a finite event duration ¢,. Restrepo-Posada and
Eagleson (1982) argue that the arrivals of independent rainstorms are still adequately

described by a Poisson process if the following condition holds:
wt, < 1 (6.2)

Given the additional condition is maintained, the time between precipitation events,
ty, is exponentially distributed with the same goodness-of-fit as FEq. 6.1. The respected
relationship is provided by Eq. 6.3.

f(ty) = Be "ty > 0 (6.3)

We expect that two precipitation records separated by a small ¢, have a high proba-
bility of being embedded within the same synoptic or even mesoscale event - and the
two recordings are not considered independent. The probability of small ¢ is therefore
high. Increasing the t;, we expect the dependence of the events to vanish. Consequently,
only t; above a certain threshold t;, iy is expected to follow an exponential distribu-
tion (Restrepo-Posada and Eagleson, 1982). tj min refers to the minimum inter-arrival
time above which precipitation events are assumed to be independent. Based on Vil-
lalobos Herrera et al. (2023b), t, min can be increased iteratively until an exponential
distribution is reached. For details on implementation, see the supporting information
in Villalobos Herrera et al. (2023b).

For our study, we evaluated the minimum inter-arrival time for station observation
as well as for radar data and CPM simulations. The calculation was conducted for each
station separately. For the radar and CPM simulations, the minimum inter-arrival time
was evaluated on a sparse matrix of every 50th grid point only due to computational
resources. This sub-sample is assumed to be representative of the full grid. To avoid
low rainfall amounts present in the gridded data, every 5-min recording below 0.01 mm
is set to zero before the calculation. We find a dependence of the minimum inter-arrival
time on the dataset as well as geographic location. However, to ensure comparability,

a constant inter-arrival time was chosen across all datasets. As a compromise to best
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represent all datasets, the average value of #;, ,;, in the radar dataset 7.5h was chosen.
Detailed results for the estimation of the inter-arrival time are provided and discussed

in Section 6.4.

1.) Almost-dry window to filter out small, individual peaks

L,

——  Th:pr=0.05mm \7.5h:pr<1mm
H  5min:pr<0.01 mm

2.) Inter-arrival time to separate individual events

at least 7.5 h with pr < 0.01 mm

Figure 6.1: Schematic of the event selection procedure: Application of the almost-dry
window in the first step, and separation of the independent events over the inter-arrival
time in the second step.

In addition to defining independent events by minimum inter-arrival time, we in-
troduce an almost-dry window — a period with little rain, where precipitation is set
to 0 — to avoid very long precipitation events with large dry fractions (Fig.6.1). The
almost-dry window is defined as an interval of 7.5h with precipitation intensities below
1mm. To ensure not to cut off the tail or front of a precipitation event, the condition
was imposed that precipitation has to be below 0.01 mm (approximated value of zero
precipitation in the gridded data) directly adjacent to the main event and < 0.05 mm in
the 1h before/after the main event to be considered an almost-dry window. The method
is similar to the approach in Villalobos Herrera et al. (2023b) but uses user-defined
windows. A schematic of the method is provided in Fig. 6.1. In addition, as shown in
Fig. 6.2 for the 2016 heavy precipitation event in southern Germany, leading to a flash
flood in the Braunsbach catchment (e.g., Piper et al., 2016), the almost-dry window
removes individual peaks before and after the main event and reduces the precipitation

event to a reasonable length.

Event characterization

After the extraction of the independent precipitation events from the time series,

several event characteristics are assessed (Fig.6.2).

e The event duration refers to the time from the first to last 5-min precipitation

interval recorded during the event.
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Figure 6.2: Example event analysis for the DWD station Kupferzell-Rechbach during
the flood event in the Braunsbach catchment in 2016. The detected precipitation
event extends over the yellow box. Grey precipitation records are filtered out by the
almost-dry window. The event characteristics of event duration, peak intensity, event
precipitation, and D50 are shown in the schematic. Reprinted from Hundhausen et al.
(2025).

The precipitation event sum describes the total precipitation summed over the

entire duration of the event.

The mean intensity, Inean, is defined as the ratio between the precipitation event

sum and the event duration.
The maximum peak intensity, Inax, is the maximum 5-min precipitation recorded.

The temporal profile or shape of an event is parametrised by the measure D50
(Visser et al., 2023). D50 is the percentage of the event’s duration at which 50 %
of the cumulative precipitation sum of the event is reached (Fig.6.2). Events
with a small D50 describe a front-loaded event, while events with a large D50
describe a back-loaded event. We further refer to events with a D50<20% as
very front-loaded, 20 %<D50<40 % as front-loaded, 40 %<D50<60 % as centred,
60 %<D50<80 % as back-loaded, and D50>80 % as very back-loaded.

The code for event-based analysis was implemented in Python. Parts of the code

for event selection are based on Pichler (2024). The code for the calculation of the

inter-arrival time was implemented by Villalobos Herrera et al. (2023b).

6.2.

2 The event catalogue

We apply the method developed for event selection and characterization to CPM
simulations and observational data. For the CPM simulations, we use the KIT-KLIWA
ensemble members EC-EARTH-C, HadGEM2-ES-C, and MPI-ESM-LR-C, for which
5-min precipitation data are available. This analysis focuses on the historical period
1971-2000. The final domain of the KIT-KLIWA ensemble was truncated for this study

in the south to exclude mountainous terrain in the Alps and in the west to align with

the German border (Fig. 6.3). The analysis is limited to the German part of the domain

to match the available observational data coverage.
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Figure 6.3: Overview of the data analysed in this chapter with simulation domain,
stations, and data coverage of the measurements. Yellow shading shows the theoretical
coverage of the 17 radars.

For comparison, we analyse precipitation events in station and radar data. Refer to
Chapter 4 for details regarding the two datasets. We analyse precipitation recordings
from stations within the model domain (Fig. 6.3). The quality control of the station
measurements is carried out by the DWD and only quality-controlled data are used. For
the event-based analysis, only years with data availability of >80 % data are included.
The analysis encompasses data up to 2022, the most recent year with complete availability
at the time of the study. The first 5-min station data are available from 1995. The
first station recordings that fulfil the criteria to be included in the event-based analysis
are in 2002. A summary of data availability is provided in Table 6.1, with detailed

information on the specific years analysed available in Supplementary Fig. C.1.

Table 6.1: Overview of the event catalogue analysed. The data availability for the
observational data indicates the total number of analysed years, and does not reflect
sub-annual data gaps. Data coverage in the radar model grid is calculated as analysed
years at all grid points / (18 years in the full dataset x number of grid points).

Data Period Data availability
Stations available data 686 stations,
until 2022 in average 16.6 years analysed
Radar station grid 2003-2022 677 grid cells,
in average 16.4 years analysed
Radar model grid 2003-2022 96 %
KIT-KLIWA ensemble 1971-2000 EC-EARTH-C,

HadGEM2-ES-C,
MPI-ESM-LR-C

The second observational dataset used is the Radolan radar data (details are in
Chapter 4). Due to limited data coverage during the initial years of radar operation, the

present study focuses on the 20-year period from 2003 to 2022. For this analysis, the
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radar data are interpolated conservatively to the model grid at 2.8 km resolution. The
interpolated data are hereafter referred to as the “radar model grid”. The interpolated
radar data are analysed only over Germany to match the station measurements and to
avoid sparse data coverage outside of Germany (Fig.6.3). For the event-based analysis of
the gridded radar data, the maximum missing data per year and grid cell was restricted
to 5%. Additionally, radar data were analysed at their original 1kmx1km resolution,
using the nearest-neighbour grid cell to station locations. This approach was applied
only for the years in which station data were available, facilitating direct comparisons
between the two datasets (notation “radar station grid”). An overview of the data
availability is given in Table 6.1, with detailed information on the specific years analysed
available in Supplementary Fig. C.1. We note the different periods compared in CPM

simulations and observations.

6.3 Sub-hourly precipitation frequency in the CPM ensem-
ble

The frequency distributions of the precipitation datasets are first analysed from the
precipitation sum over a running window for the four different durations of 5 min, 15 min,
1h and 6 h. This conventional analysis in this section is therefore based on the continuous
time series, while the event-based analysis is presented later in Sections 6.4 and 6.5.
The distributions shown are composites over all stations or grid points in the analysis
domain. The frequency analysis shows high occurrence of low intensity precipitation
and a decreasing occurrence with increasing intensity (Fig. 6.4a-d). Comparing the
two observational datasets, there is good agreement between the station and radar
observations for low to moderate precipitation intensities. Low intensities are slightly
underestimated in the radar data for sub-hourly aggregations (Fig. 6.4a-b). Equally,
the radar data underestimate the frequency of high and extreme intensities compared
to the station measurements for all aggregations. This is particularly the case for short
aggregations, where the underestimation is larger if the radar dataset is at coarser
resolution (i.e. radar on model grid with 2.8 kmx 2.8 km resolution compared to radar on
station grid with 1kmx1km resolution). In general, this difference can be attributed to
the different characteristics of the datasets: while stations provide point measurements,
the radar output is a gridded dataset and thus representative for an, albeit limited, area.
As expected for a short temporal resolution, local high-intensity precipitation bursts,
captured by local, point-like measurements, provide higher extreme values, in contrast

to the larger spatial aggregations of precipitation provided by radar products.

In general, the CPM ensemble members reproduce the shape of the observed pre-
cipitation frequency curves and there is close agreement of the frequency distributions
within the ensemble members (Fig. 6.4a-d). A systematic bias in the overestimation
of low intensities compared to observations is apparent across all temporal resolutions

from 5min to 6 h. For the extremes, the model bias differs depending on the temporal
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Figure 6.4: Normalised frequency distribution for observational datasets and CPM
simulation outputs over all grid points/stations in the evaluation domain for (a) 5-min,
(b) 15-min, (c) 1-h, and (d) 6-h durations. Panel (e) shows the dry fraction in the
respective datasets and durations. Samples with <0.05 mm within the aggregation
period are defined as dry. Reprinted from Hundhausen et al. (2025).

aggregation. Extreme values in the 5-min simulations mainly agree with the results of
the radar dataset, while using a temporal resolution of 6 h, there is an overestimation
of extreme intensities compared to the observations. Therefore, extreme precipitation
intensities in the CPM simulations seem to increase in comparison to the observations

for increasing temporal aggregation.

The percentage dry fraction is highest at the shortest temporal resolution of 5-min
and decreases with increasing duration (Fig. 6.4e). Comparing the two observational
datasets, the radar data show slightly higher dry fraction compared to the station data.
This difference appears less pronounced at higher temporal resolutions. In general,
there is a close agreement in the simulation of percentage dry fraction between the
two radar dataset resolutions, on the station grid (1kmx1km) and on the model grid
(2.8 kmx2.8 km), with the coarser resolution dataset showing a slightly lower dry fraction.
The differences result from both, the different resolutions and the smaller number of
locations sampled in the radar station grid. Within the CPM ensemble, agreement is
good for members driven by EC-EARTH and HadGEM2-ES. MPI-ESM-LR-C shows a
significantly lower dry fraction, which is consistent with the much higher precipitation
totals simulated in MPI-ESM-LR-C (cf. following Table 6.2). In general, all simulations
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show a systematically lower dry fraction compared to observations, with wet bias

increasing with increasing temporal aggregation.

Our analysis of precipitation frequencies in the CPM ensemble compared to obser-
vations indicates that the sub-hourly 5-min CPM outputs adequately reproduce the
observed precipitation frequency distribution over Germany, although the CPMs under-
estimate the frequency of the most extreme precipitation intensities compared to the
station observations but are in agreement with the frequency distribution from the radar
dataset. The representation of extreme precipitation events in the CPM simulations
is dependent on the temporal aggregation and modelled extreme intensities are higher
at longer duration compared to the observations. This leads to an overestimation of
extreme precipitation at low temporal resolutions by the CPMs. Our findings imply
that the CPM precipitation bias depends on the aggregation duration; this points
towards a systematic bias in the temporal representation of precipitation in the CPM
time series. We conclude therefore, that it is crucial to retain the natural temporal
correlation structure of the precipitation sequence to evaluate the precipitation bias in
CPM simulations; thus, not using a typical ranked analytical approach. We propose to
use an event-based analysis to help to improve the understanding of precipitation biases

in CPM simulations.

6.4 The representation of precipitation events in CPM

6.4.1 Inter-arrival time
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Figure 6.5: Spatial distribution of the inter-arrival time in (a) station and (b) radar
datasets. (c) shows the distribution of inter-arrival time over the German part of
the domain for the observed datasets and the CPM simulations. Reprinted from
Hundhausen et al. (2025).
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The minimum inter-arrival time over the study area shows a spatial pattern related
to the altitude or the mean annual precipitation, which correlates with the former
(Fig. 6.5a-b). The higher the altitude (or the higher the mean annual precipitation), the
shorter the detected inter-arrival time. This observed spatial pattern is reproduced by
the CPM ensemble members (Supplementary Information Fig. C.2 and Fig. C.3). The
inter-arrival time in the station data is typically between 6.3h to 6.9 h (25th and 75th
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percentile). The inter-arrival time for the radar dataset is significantly higher, from 7.2 h
(7.0h) to 7.9h (7.9h) (25th and 75th percentile for radar on model grid and for station
grid in brackets) and shows lower overall variance. The spatial resolution of the radar
data seems to have little effect on the result, with the higher resolution of 1kmx1km
being slightly closer to the station results than the coarser 2.8 kmx2.8 km model grid.
The observations of inter-arrival time over Germany agree well with the results of
Villalobos Herrera et al. (2023b) for south-west Britain, where they found an inter-
arrival time predominantly between 6 and 9h. CPM ensemble members EC-EARTH-C
and HadGEM2-ES-C tend to show higher inter-arrival times than the observations
(Fig. 6.5¢). In particular, HadGEM2-ES-C appears to overestimate the inter-arrival
time. MPI-ESM-LR-C has the shortest inter-arrival time in the CPM ensemble and
therefore the best agreement with the observations. To enable comparability of the
event-based analysis for the 6 datasets, a constant inter-arrival time was chosen for the
analysis across all datasets. The average radar inter-arrival time of 7.5h was chosen as

a compromise to best represent all datasets.

6.4.2 Event distribution

Table 6.2: Annual mean precipitation for the different datasets over the model
domain and overview of statistics for the event-based analysis.

Data Precipitation  Precipitation from number of
in mm events >bmm in mm events >5mm
Stations 800 592 43
Radolan station grid 721 507 39
Radolan model grid 721 506 40
EC-EARTH-C 914 709 48
HadGEM2-ES-C 816 624 43
MPI-ESM-LR-C 1143 915 29

The event-based analysis divides the precipitation time series into rain events. The
averaged precipitation sum in the station data is 800 mm per year, of which 592 mm
(74 %) falls in events with a total of at least 5 mm of precipitation (Tab.6.2). These rain
events of at least 5 mm are hereafter referred to as significant events, thus excluding
rain falling in the form of light showers or drizzle which contain only small amounts of
precipitation that are presumably of little importance for the immediate hydrological
response. Such significant precipitation occurs on average 43 times per year in the
station measurements. The total annual precipitation is underestimated in the radar
dataset compared to the in-situ measurements. The proportion of rain coming from
significant events is also slightly lower (70 %), with a range of 39 to 40 significant events
per year (Tab.6.2). The results of the radar on the station grid and the model grid are

consistent.

All CPM simulations overestimate total precipitation, which is a known outcome

for CPMs (e.g., Prein et al., 2015). Depending on the forcing data, this overestimation
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varies strongly, with particularly high overestimation for MPI-ESM-LR-C (Tab. 6.2).
The proportion of rain from significant events is from 76 to 80 %, thus slightly higher in
the CPMs than for observations. The number of significant events also varies between
forcing models. With 43 significant events per year, the HadGEM2-ES driven simulation
is in agreement with the station measurements. The EC-EARTH and MPI-ESM-LR

driven runs show more significant events than observed, with 48 and 59 events per year.
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Figure 6.6: The distribution of annual mean event frequency regarding event duration
and event precipitation sum averaged over the station measurements is shown. The
marginal distribution on the x-axis shows the respective frequency distribution for
station, radar and the CPM ensemble members over the event duration, the marginal
distribution on the y-axis shows the distribution over the event precipitation sum.
Reprinted from Hundhausen et al. (2025).

In general, significant events have most often relatively low intensities and their
frequency decreases with event precipitation sum (Fig.6.6). Significant event duration
peaks at 6-9 h for the station measurements. Short-duration significant events are mainly
associated with small event precipitation sums and their frequency decreases with event
precipitation sum (Fig.6.6). While the distribution patterns of event precipitation sum
are largely in agreement between the radar observations and the CPM models, there
are some discrepancies, as the radar tends to show shorter event durations. There is no
notable difference between statistics for the radar dataset at the station grid and on the
model grid. The CPM simulations tend to have longer event durations than observations.
Fig.6.7a-c shows that the occurrence of short events is consistently underestimated

in the CPM ensemble. The underestimation is strongest for short events with low
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precipitation totals up to about 15mm. The occurrence of longer events however is
overestimated by the CPMs. The normalized differences shown in Fig. 6.7d-f indicate
that events with small precipitation totals are generally underestimated by the CPMs
and not compensated for by longer events with the same precipitation totals. This
leads to a general overestimation of event precipitation in all CPM ensemble members

compared to observations.
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Figure 6.7: The difference in event occurrence in the CPM simulations from the
observed station distribution is shown in the first row for (a) EC-EARTH-C, (b)
HadGEM2-ES-C, (¢) MPI-ESM-LR-C. In the second row, the normalized differences
are shown for (d) EC-EARTH-C, (e) HadGEM2-ES-C, (f) MPI-ESM-LR-C. For the
normalization, the mean annual event occurrence is scaled to 100 % and the differences
are displayed in percentage points. Reprinted from Hundhausen et al. (2025). The
respective comparison of station and radar observations is provided in the supporting
information Fig. C.4.

Our results provide evidence that the precipitation bias in the ensemble CPM
simulations is attributable to two factors. First, the occurrence of significant events
seems to be overestimated in the CPM ensemble members that show strong total
precipitation overestimates. Second, the event-based analysis reveals an underestimation
of the proportion of short and small precipitation events, but a tendency to overestimate
the occurrence of longer events. This finding suggests that the CPM ensemble members
analysed here have deficiencies in reproducing significant short precipitation events,

which are likely to contain significant convection.

6.5 Profile characteristics of extreme events

The following section on the analysis of extreme events includes all events detected
above that lead to an AM of either 1h or 6h duration at the respective station or
grid point. Almost all of these hourly (Fig.6.8a) and 6h (Fig.6.8b) AM occur in the
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summer half-year (April to September). The peak of the observed AM occurrence is in
June and July. The CPM simulations reproduce this seasonal pattern well, except for
the ensemble member driven by HadGEM2-ES. We expect that due to a significantly
too dry July in HadGEM2-ES-C compared to the observations, the probability of AM-
generating precipitation event in July is too low. On the contrary, the probability of
June extremes is overestimated in HadGEM2-ES-C. This strong seasonality implies that
the AM-generating events of interest analysed below are a sub-sample of events in the
annual cycle, and the following characterisation of AM extremes describes predominantly

events in the warm season.
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Figure 6.8: The density distribution of AM-generating events over the year in the
study area for (a) 1h-AM-generating events and (b) 6 h-AM-generating events is
shown. The distribution of the duration, divided into five sub-categories, of (c) 1h-
AM-generating and (d) 6 h-AM-generating events is shown on the bottom. Reprinted
from Hundhausen et al. (2025).

The event duration of AM-generating precipitation events reaches from the sub-hourly
event duration to multi-day events (Fig.6.8c,d). Comparing the two sets of observations
for events leading to hourly annual maxima (AM), it is apparent that the larger the
areal coverage of the measurement — from station data, a point measurement, to the
radar station grid (1 kmx1km) to the radar on the model grid (2.8 kmx2.8 km) — the
lower the proportion of very short and short events (Fig.6.8c). The same is seen for
short events leading to 6 h AM (Fig.6.8d). The proportion of very long events is also

slightly larger in the station measurements compared to the radar dataset.

The CPM ensemble members MPI-ESM-LR-C and EC-EARTH-C show similar
behaviour, underestimating the proportion of short events and overestimating the
proportion of long events for hourly AM-generating events. Since the CPM simulations
produce average precipitation over a 2.8 kmx2.8 km grid, the hypothesis is that they

may under-represent the occurrence of short convective events or their intensities. We
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find that for 6 h AM-generating events, the proportion of short events is well represented
in MPI-ESM-LR-C and EC-EARTH-C, but the occurrence of medium-length events
is underestimated, and very long events are overestimated. The HadGEM2-ES-C
simulation is characterized by significantly more very short and short events that
generate AM. Therefore, the results for HadGEM2-ES-C are in good agreement with

the station measurements for 1 h and 6 h AM-generating events.

In order to ensure comparability between statistics, we divide extreme events into
three sub-groups: short events (1h to 3h), medium-length events (3h to 12h) and long
events (12h to 24h). These categories cover the majority of events, as most events
containing hourly and 6 h AM have a duration of 1h to 24 h. The small proportion of
very short (<1h) and very long (>24h) extreme events are not considered due to lower
data availability and hence large variance. We analyse event precipitation sum, peak
intensity and D50 for the three duration categories (short, medium, long) based on the
visualization of the characteristics of hourly (Fig.6.9) and 6h AM-generating events
(Fig. 6.10).
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Figure 6.9: Event precipitation sum (first row), maximum 5-min intensity (second
row), and D50 (third row) for 1 h AM-generating events of different duration categories
of short (first column), medium (second column) and long events (third column).
Reprinted from Hundhausen et al. (2025).

85



Chapter 6. Evaluation of precipitation event profiles in the CPM ensemble

0081 (@] | (b)| | (c)
.04 1
2%° A
" N
S ‘ f
©0.021
N
A
Lo~
0.00{ —~ Wt | , Y — . . - .
0 25 50 75 100 O 25 50 75 100 O 25 50 75 100
event sum in mm event sum in mm event sum in mm

04 (d)] | (] | (f)

I I

density
o
N

0.0 j
5 10 15 20 5 10 15 20 5 10 15 20
maximum 5min intensity in mm maximum 5min intensity in mm maximum 5min intensity in mm
0.061 C)I (h)| | (i)
20.04 ] 1
©0.021 11/ X | . 3N
N N
\v LN
0.001, . . I‘\*,‘I 1, . , ‘ : 1 ‘ . . \.
0 25 50 75 100 O 25 50 75 100 O 25 50 75 100
D50 in % D50 in % D50 in %
Station Radar model grid —— HadGEM2-ES-C
=== Radar station grid =—— EC-EARTH-C MPI-ESM-LR-C

Figure 6.10: Event precipitation sum (first row), maximum 5-min intensity (second
row), and D50 (third row) for 6 h AM-generating events of different duration categories
of short (first column), medium (second column) and long events (third column).
Reprinted from Hundhausen et al. (2025).

Event precipitation sum

The event precipitation sum in the station data for 1h AM-generating events (and
6h AM-generating events in brackets) typically ranges from 17.1 to 29.4 mm (23.3 to
36.7mm) for short events, from 22.2 to 38.0mm (24.8 to 39.9mm) for medium events,
and from 29.0 to 42.9mm (32.0 to 52.0mm) for long events (inter-quartile range).
Two relationships are apparent; the longer the event generally the larger the event
precipitation sum, and that events generating 6 h AM have generally more rain than 1h
AM-generating events. Both of these are reproduced by the other observational datasets
as well as by the CPM simulations (Fig.6.9a-c and 6.10a-c). In general, the radar data
shows lower event precipitation sums compared to the station measurements, especially
for short and medium events, with a similar result, on the model grid (2.8 kmx2.8 km)
and the station grid (1kmx1km). Only for short events generating hourly AM is there
a visible difference between the two radar resolutions, with a higher event sum on the

1km grid (Fig. 6.9a). The underestimation of event precipitation sums in the radar
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data compared to the station measurements is in accordance with an overall dry bias in
the radar dataset (see Table 6.2).

There is generally good agreement within the CPM ensemble members. For 6h
AM-generating events, the event precipitation sum in MPI-ESM-LR-C is slightly higher
than in EC-EARTH-C and HadGEM2-ES-C, which is in accordance with higher total
annual precipitation in the MPI-ESM-LR driven simulation (see Tab. 2, Fig.6.9a-c
and 6.10a-c). The CPM simulations’ event precipitation sum for short events and
hourly AM is in good agreement with the station observations. The CPM simulations
tend to overestimate the event precipitation sum slightly for medium events, and this
overestimation is even stronger for long events. For 6 h AM-generating events there is a

slightly more pronounced overestimation by the CPMs.

Peak intensity

A comparison of the different observational datasets shows a strong dependence
on the measurement footprint. For the examined 1h and 6 h AM-generating events,
the 5-min peak intensity is lowest for the radar 2.8 kmx2.8 km grid. The 1 km radar
resolution shows higher intensities (Fig.6.9d-f and 6.10d-f). The 95th percentile of 1h
(6h) AM-generating events recorded by the station gauges is 12.8 mm (14.0 mm) for
short events, 12.5 mm (12.0mm) for medium events, 11.1 mm (9.2 mm) for long events;
these are lower in the radar observation. In addition to the effects of areal reduction, it
is expected that the general underestimation of precipitation in the radar data compared

to station data contributes to the bias in peak intensity.

The 5-min peak intensity distribution in the CPM simulations show good agreement
within ensemble members. The CPM peak intensity is, in general, higher than the radar
on the model grid and, for the 1 h AM-generating event, agrees well with the 1 kmx1km
radar data. Therefore, the CPM simulations of 5 min peak intensity are within the
range of the two observational datasets (Fig.6.9d-f and 6.10d-f). Although the 5-min
maximum intensities in CPM simulations are below the station measurements, they

agree well with the radar product.

D50

In the station data, the dominant fraction of 1 h AM- generating events is front-loaded
(Fig.6.9¢-i). The mode of the distribution is below 20 % for the 1h AM- generating
events, which classifies as very front-loaded. For 1h AM-generating events, the longer
the event, the more pronounced the peak at the very front-loaded end of the distribution.
For medium and long events, there are only a low and roughly equal proportion of
centred to back-loaded events. For 6 h AM-generating events, the D50 distribution for
short events shows a similar distribution to the 1h AM-generating events of mainly
(very) front-loaded events (Fig.6.10g-i). However, in the station measurements the

proportion of very front-loaded events becomes smaller with increasing event duration,
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such that for long events the distribution has a slightly higher proportions of centred
events compared to very front-loaded and front-loaded events. The smallest fraction are

very back-loaded events.

Comparing station and radar data for 1 h AM-generating events, radar tends to show
higher D50 and a lower fraction especially of very front-loaded events, with the largest
differences found for short events. For 6 h AM-generating events, a similar positive
bias in the radar data compared to the station data is visible. In addition, for medium
events, the radar data show the highest proportion of centred events, while most of the
station events are (very) front-loaded. The D50 for radar on the station grid is generally
within the distribution of the station and radar on the model grid for both 1h and 6 h
AM-generating events. We therefore attribute the bias, at least in part, to differences in

the spatial footprint of the measurement.

A dominant (very) front-loaded fraction of events is reproduced by the CPM ensemble
members with low ensemble spread. For short 1h and 6 h AM-generating events, the
CPM projections agree well with the radar on the model grid. For medium events, the
CPM simulation appears to be in best agreement with the radar on the station grid, and
is thus well within the range of radar and station observations (Fig.6.9g-i and 6.10g-i).
For long events, the ensemble spread is slightly higher and the agreement with both

station and radar data, with a relatively similar distribution for long events, is good.

In summary, most 1h and 6 h AM-generating events in southern Germany occur in
summer. With an event duration typically ranging from 1 to 24h, the AM-generating
events are generally longer than the AM duration for 1h, and for 6h AM both cases are
common, an event shorter than 6 h or longer than 6 h. Event precipitation sum in CPM
simulations of AM-generating events is generally in good agreement with station mea-
surements, but tends to be overestimated, especially for long events, which is consistent
with the overestimation of precipitation totals in the CPM simulations (Tab.6.2). The
maximum 5-min peak intensity in the CPM simulations is in agreement with the radar
data, but compared to station measurements the observed extreme intensities are not
reached. A dominant (very) front-loaded fraction of events is reproduced by the CPM
historical simulations and the probability distributions of D50 are mostly within the

station and radar observations.

6.6 Discussion and conclusions

In this chapter, we investigate sub-hourly precipitation in the KIT-KLIWA ensemble
and compare extreme precipitation down to 5-min resolution for the historical simulations
(1971-2000) with the dense radar and raingauge observation network in Germany. A
method for detection and characterization of precipitation event profiles was developed

to improve the understanding of the precipitation bias in CPM simulations and in
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particular, characterize extreme precipitation events leading to 1h and 6h annual

maxima. We can draw three main findings:

1. 5-min CPM precipitation data adequately reproduces the observed precipitation
frequency distribution, with an underestimation of the most extreme intensities
compared to the station observations but in agreement with the radar data.
However, for longer temporal aggregation (6 h) there is an overestimation of the
most extreme intensities, revealing a mismatch of the temporal correlation of

simulated precipitation time series.

2. The event-based analysis reveals an underestimation of the proportion of short
precipitation events by the CPM, but a tendency to overestimate the occurrence
of longer events. This implies that the CPM has deficiencies in reproducing strong

and short, likely convective, precipitation events.

3. Events leading to 1h and 6 h AM in Germany mostly occur in summer and usually
have an event duration between 1 and 24 h. CPM simulations generally reproduce
event precipitation sums of those extremes of short and medium duration but
tend to overestimate event precipitation sums for long events. Maximum peak
intensity simulated by CPMs is in agreement with spatially aggregated radar data
but well below intensity maxima in station data. A dominant (very) front-loaded
fraction of extreme precipitation events leading to 1h AM is reproduced by the
CPM ensemble.

By investigating 5-min precipitation in a 30-year CPM simulation ensemble, we take a
step towards closing the knowledge gap on sub-hourly CPM precipitation, an area where
previous studies have been limited. Chan et al. (2016b) derived climate change signals of
sub-hourly precipitation from CPM projections, however, no evaluation could be made
due to lack of adequate observational data. The first evaluations of a sub-hourly CPM
simulation compared to station observations were made with a decade-long COSMO-
CLM simulation over Switzerland (Vergara-Temprado et al., 2021), and a 22-year
simulation over Barcelona (Meredith et al., 2020) that found adequate representation of
precipitation on sub-hourly resolution and indications of a similar error in sub-hourly
precipitation as for hourly resolution precipitation. With our study, we for the first time
extend the analysis to a multi-GCM ensemble of CPM simulations and with a comparison
with radar data in addition to station measurements. In the analysis of the 30-year
historical period, we found that sub-hourly precipitation characteristics are reasonably
represented by the CPM simulations on a 2.8 km grid for all intensities. The most
extreme values at 5-min resolution are within the range of radar measurements, albeit
well below the highest intensities measured at the stations. The lack of observations at
high temporal resolution constrains the validation of CPMs at high temporal resolution
and, as emphasised by Chan et al. (2016b), stresses the need for more quality-controlled

high-resolution observational data products.
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We find a dependence of the bias for the extremes on the temporal resolution of
the CPM simulation data, in agreement with Meredith et al. (2020), as the extreme
intensities in the CPM simulations seem to increase relative to the observations with
longer duration. This leads to an overestimation of extreme precipitation at low
temporal resolutions. Based on this dependence of the precipitation bias on resolution,
we conclude that it is crucial to preserve the natural temporal correlation structure of
the precipitation sequence in the evaluation of the precipitation bias. Therefore, we
propose an event-based analysis to improve the understanding of the precipitation bias

in CPM simulations instead of typical ranked analytical approaches.

Event-based approaches have been applied previously on sub-hourly observational
data, e.g. by Villalobos Herrera et al. (2023b); Visser et al. (2023); Wasko and Sharma
(2015). For CPM data, the approach has been applied e.g. in Kendon et al. (2012);
Fosser et al. (2015); Miiller et al. (2023). However, these studies were limited to hourly
data. The application of event-based analysis to multi-decadal CPM 5-min outputs
showed an underestimation of the proportion of short and small precipitation events
by the CPMs, but a tendency to overestimate the occurrence of longer events. The
overestimation of event duration is likely caused by low-intensity precipitation in the
model, which aggregates precipitation episodes into excessively long events (Fosser et al.,
2015). Moreover, the analysis indicates that the CPMs are deficient in reproducing
strong and short, probably convective, precipitation events, in agreement with Kendon
et al. (2012). The attribution of precipitation biases to events shows the potential for
model development. In our application we were able to attribute errors to the forcing
data, hence, for model development CPM simulations driven by reanalysis should be

pursued.

Precipitation profiles of extreme events are of particular interest because of their
importance for a range of practical applications. For engineering applications, such
as urban drainage design, stress testing of infrastructure, and risk management, it is
common to rely on design rainfall profiles, which are artificial profiles produced, often
based on observations. Updating these profiles is clearly needed for resilient planning
that considers future extreme events, given climate change and its potential changes
on extreme precipitation. Realistic modelling of such extremes has been limited in the
past by inadequate spatial resolution of climate models. Deep convection processes
and related extremes in coarser climate simulations using parametrized convection were
found to be, in general too spatially diffuse, too persistent in time and showing too low

intensity maxima of extremes (Kendon et al., 2012).

Our study shows that the characteristics of extreme precipitation events are well
represented in a convection-permitting simulation. In particular, for 1 h-AM-generating
storms, the features of event precipitation sum, maximum peak intensity, and event
shape are within the observational range. Also for longer 6 h-AM-generating events,
the features of maximum intensity and shape are within the observational range. For

longer events, a slight overestimation of the event precipitation sum is found. Overall,
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the analysis of precipitation profile features shows that CPMs are able to represent the
decisive features embedded in the design rainfall profiles, thus providing confidence in
sub-hourly CPM simulations for future projections. This study is thus an important
step towards the applicability of CPMs as a tool for studying future sub-hourly extreme
precipitation and paves the way for the application of CPMs for hydrological modelling

in a warmer world.
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7 | THE CLIMATOLOGY OF PRECIPITATION
EVENTS IN CLIMATE CHANGE

This chapter is based on the following article in preparation for re-submission to

Geophysical Research Letters:

Hundhausen, M., H. J. Fowler, H. Feldmann, & J. G. Pinto (in preparation).
Unprecedented precipitation events and seasonal shifts over Germany revealed
by sub-hourly ensemble. Geophysical Research Letters — in preparation for

re-submission.

Minor changes have been made to make the article coherent in the context of this

thesis.

7.1 Introduction

Climate projections for Central Europe show a trend towards less precipitation,
and thus drier summer months, accompanied by wetter winter months under climate
change (IPCC, 2021%). In addition to the total precipitation depth, global warming is
expected to lead to changes in the intensity, frequency, and duration of precipitation
events (Trenberth et al., 2003). While moderate rains infiltrate into the soil, the same
amount of rainfall over a short period of time can lead to local flooding and surface
runoff (Trenberth et al., 2003). To understand the implications of these changes for the
hydrological cycle, it is therefore essential to assess the precipitation climatology at the

event scale.

Previous event-based analyses using CPM projections have been limited to hourly
resolution (Kendon et al., 2012; Chan et al., 2023a; Fosser et al., 2020; Miiller et al.,
2023; Fosser et al., 2024; Caillaud et al., 2024), yet this limits the accuracy of event-
based analysis, especially for short-duration events. Multi-decadal CPM simulations

of sub-hourly resolution are rare but first datasets provide promising results (Chan

LIPCC Working Group I Interactive Atlas, the seasonal change signal of precipitation totals is
provided in Supplementary Fig. D.1
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et al., 2016b; Meredith et al., 2020; Purr et al., 2021). Purr et al. (2021) showed
that sub-hourly precipitation in a convection-permitting downscaling of EC-EARTH
adequately represents convective cell characteristics including precipitation sum, area,
and peak intensity. Analysis of 5-min CPM downscaling in the KIT-KLIWA ensemble
in the previous chapter showed good representation of extreme precipitation event

characteristics, precipitation sums, and profile shape.

This chapter extends the event-based analysis of the KIT-KLITWA ensemble to the
projection period and investigates the climate change signal in the climatology of
precipitation events, based on event intensity and event duration. Specifically, we
address the research question: What is the projected climate change signal for the
frequency of precipitation events and how does the climate change signal manifest

seasonally? We approach the topic in two steps:

a) Evaluation of mean intensity in the ensemble in the historical CPM simulations
and projection of the climate change signal of the mean event intensity with a

focus on record-breaking events.
b) Assessment of the seasonality of the climate change signal.

This chapter is structured as follows: First, the methodology is outlined, including a
description of the event catalogue and the approach to evaluating climate change signals
throughout the chapter (Section 7.2). Section 7.3 investigates the mean intensity of
precipitation events in the CPM ensemble and projected changes in the event frequency.
The seasonality of the climate change signal is the subject of Section 7.4. Section 7.5

synthesizes the results and relates the results to the existing literature.

7.2 Methods

7.2.1 The event catalogue

The event-based analysis is based on the method of precipitation event extraction
presented in the previous Chapter 6. Here, we analyse all events which meet the criteria
of a minimum event precipitation total of 5 mm and a minimum event duration of 1 h.
These events are considered “significant” events with potential impact on the local water
cycle. In addition to the previous chapter, the minimum available percentage of station
data in a year to be considered in the analysis is increased to 95% (compared to 80%
in the analysis of annual maxima in Chapter 6). This decision was made because we
are analysing the distribution of all events in this chapter - not focusing on events that
generate AMs as in Chapter 6. This modification slightly alters the data availability for

station and radar observations.

The event catalogue analysed here is derived from the observational data at (1) the
measurement stations, (2) the radar data in the original grid resolution of 1km x 1km

for the grid point closest to the station locations and (3) the radar data interpolated to
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Figure 7.1: GWL in the driving GCMs, with the data availability of 5-min precipita-
tion analysed in the event catalogue on the marginal axis. See Chapter 4 for details
on the calculation of GWLs.

the simulation grid of the KIT-KLIWA ensemble. In addition, we analyse precipitation
events in the ensemble members EC-EARTH-C, HadGEM2-ES-C, and MPI-ESM-LR-C
of the KIT-KLIWA ensemble. The available years with 5-min precipitation output
subject to this evaluation are MPI-ESM-LR-C with 1971-2100, HadGEM2-ES & MPI-
ESM-LR-C with 1971-2021 & 2051-2071. An overview of the data availability in the event
catalogue analysed here is in Table 7.1, with detailed information on the specific years
analysed available in Supplementary Fig. D.2. For details regarding the precipitation
datasets, refer to Chapter 4.

The classification of extreme events

We characterise events by their mean intensity, Imean, which is defined as the total
precipitation of the event divided by the duration of the event. Events with a high
Imean are considered to be heavy precipitation events. Specifically, we analyse events
exceeding the 90th percentile of the Imean (Imean > p90) and the 99th percentile of

the Imean (Imean > p99) as extreme events.

The p90 and p99 thresholds of Imean are calculated for each dataset to account for
the systematic bias in the different datasets. The thresholds are based on the pooled
results of all stations/grid points without taking into account regional differences in the
domain. For the CPM simulations, the 90th or 99th percentile (p90(hist) or p99(hist))
is always evaluated over the 30-year historical time slice (1971-2000), to enable the
analysis of frequency changes. The resulting thresholds are in Table D.1 for p90 and
Table D.2 for p99.
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Table 7.1: Overview of the event catalogue analysed. The data availability for the
observational data indicates the total number of analysed years and does not reflect
sub-annual data gaps (by definition <5 %). Data coverage in the radar model grid is
calculated as analysed years at all grid points / (18 years in the full dataset X number
of grid points). Data coverage in the radar model grid is calculated as analysed years
at all grid points / (18 years in the full dataset x number of grid points).

Event dataset Period Data availability
Stations 2003-2022 686 stations, on average 16.2 years anal-
ysed
Radar station lo- 2003-2022 677 grid cells, on average 15.4 years anal-
cation ysed
Radar model grid 2003-2022 96 % data coverage
EC-EARTH-C 1971-2021 & 100%
2051-2071
HadGEM2-ES-C  1971-2021 & 100%
2051-2071
MPI-ESM-LR-C  1971-2100 100%

7.2.2 The calculation of the climate change signal

We analyse the climate change signal of event frequency in relation to the GWL
in the CPM projection. As shown in Fig. 7.1, the analysed projection period in the
ensemble spans a range of GWL from 0.46 K to slightly above 4.5 K.

To derive projected frequency changes of precipitation events in Section 7.4, we
evaluate annual statistics for each available year in each ensemble member. The rate
of change with GWL is then determined from the slope of a linear regression on the

annual frequency of events over GWL.

In order to make best use of a larger data pool for the distribution-based evaluation
of Imean in the ensemble projection, where annual statistics are not robust, we compare
in Section 7.3.2 the historical time slice (30 years from 1971 to 2000) with the common
future time slice (21 years from 2051 to 2071) corresponding to a level of global warming
between 2.5 and about 4K (see details in Fig.7.1).

7.3 The climate change signal of mean event intensity
7.3.1 Evaluation of mean event intensity

We find that most observed precipitation events over Germany have a short, sub-daily,
duration and tend to have a low Imean < 1 mm/h. There is an expected dependency
of Imean on event duration: Imean is highest for short events and decreases for longer

events (Fig. 7.2a). This pattern agrees with observations from both stations and radar.

However, comparing the different observational datasets, a systematic positive bias

of very short, heavy precipitation events in radar data on its original grid resolution
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of 1km (radar station locations) and station data compared to the radar on the model

grid with a resolution of 2.8 km (Fig. 7.2b & c). In general, event frequencies of high

Imean are consistently higher in station data and 1 km radar observations. We primarily

attribute this bias to differences in spatial resolution. Conversely, the radar data at

the coarser 2.8 km resolution exhibits a higher frequency of events with low intensity,

with approximately 2 to 7h duration. The most extreme events for each duration are

typically observed in the radar data on the model grid, which is likely due to the larger

data coverage provided in the gridded dataset.
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The CPM simulations reproduce the underlying pattern of the Imean distribution
(Fig. 7.3a). However, the CPM shows a systematic overestimation of long precipitation

events of ~ 9h and an underestimation of short events compared to the radar dataset
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historical ensemble average (1971-2000). (b) The bias of frequency distribution (a)
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(Fig. 7.3b). The pattern is similar in the three ensemble members, with the largest
overestimation of long events found in MPI-ESM-LR-C and the largest underestimation
of short events in HadGEM2-ES-C (Supporting Fig. D.3). Hence, the analysis reveals
that precipitation events are too persistent in the CPM, in agreement with Kendon
et al. (2012). In addition, the CPM ensemble overestimated the frequency of events
with high Imean (>p99).

In summary, we find that Imean declines with event duration, and events with very
high Imean are predominantly of short-duration. Even though the CPM reproduces the
observed range of Imean with respect to event duration, the CPM has limitations in
the representation of short events and has a bias towards too persistent precipitation
events. The intensity of extreme Imean is overestimated in the CPM compared to the

radar data.

7.3.2 Projected event intensity changes and unprecedented events

Changing event occurrence with global warming is shown in Fig. 7.4, which compares
Imean in 1971-2000 with the future time slice from 2051-2071. The CPM ensemble
projects a reduced number of events with low Imean (below approximately 1 mm/h) and
an increased frequency of events with higher Imean. All percentiles analysed shift to
higher Imean for the future simulation, for all event durations. The strongest absolute
increase is found for events with short duration, and the increase is stronger for higher
percentiles of Imean (note the logarithmic axis in Fig. 7.4). These results refer to the

composite over all grid points and years.
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To support the approach of spatial composites, we tested different subselections of
summer-only events, winter-only events, and grid points above and below 400 m altitude
in all ensemble members (Fig. 7.5). Similar results were found for different altitudes.
However, the change signal in summer and winter differs, showing that Imean above

which an increase in frequency is projected are higher in summer than in winter.

The orange shading in Fig. 7.4 and Fig. 7.5 highlights events that did not occur in
the historical 30 years but are present in the future ensemble projection (2051-2071).
Our detection of these unprecedented events indicates that the future increase in the
most extreme events is accompanied by future record-breaking events. The ensemble
mean, as well as all ensemble members (Fig. 7.5), show record-breaking events of short
duration (<5h). For longer durations, the number of record-breaking events in the

ensemble composite is less evident.

In summary, we find that the CPMs project a decreasing frequency of events with low
Imean in the future time slice. However, we find that events with high Imean increase
across all event durations, and global warming is projected to lead to unprecedented

events with record-breaking Imean.

7.4 Seasonality of the climate change signal

Our assessment of the annual cycle of precipitation events in observations shows
that while events of medium to long duration occur throughout the year, long events
are found predominantly in winter, while medium events dominate in the summer
half year. The occurrence of short events is mainly restricted to summer. Extreme
events are most likely to occur in the summer half year, with the most extreme events
(Imean>p99) concentrated almost exclusively in the warmest months from May to
September (Fig. 7.6¢-d).

The CPM ensemble represents these seasonal patterns of short, medium, and long
events. Bias in the representation of the annual cycle in the CPM ensemble appears
connected to the too high persistence of precipitation events: the frequency of long
events is overestimated in all ensemble members, but short events are underestimated
throughout the year (Fig. 7.6b). The maximum frequency of events of all durations in
summer is reproduced by MPI-ESM-LR-C and EC-EARTH-C. Only HadGEM2-ES-C
does not show this, due to excessively hot and dry summers within its simulation. In
contrast, the seasonality of extreme events is represented well in all members (Fig. 7.6¢-
d), although in HadGEM2-ES-C the frequency peaks too early in summer and has a
deficit in late summer. Supporting information for the single ensemble members is in

Supplementary Fig. D.4.

We find that all CPMs project a decreasing number of precipitation events over
Germany with global warming (Fig. 7.6e). This pattern is dominated by a decreasing

frequency of summer events, while winter event frequency tends to increase. Decomposed
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Figure 7.6: Bar plots show the number of events in the respective month per year
and station derived from the station measurement, for all events (a) and for the
sub-groups of short events, medium events, and long events in (b). Dots in (a) and (b)
show results from ensemble members for event frequency per month and grid points

averaged over the historical period 1971-2000.

(c¢) and (d) show the above for all

events exceeding the threshold of p90 and p99. The percentiles are evaluated over the
respective duration class. The climate change signal of the number of events per K
global warming is provided in (e) for all events, and in (f) for all events sub-divided
into the three duration classes (dots ensemble members, lines ensemble average). (g)
and (h) show the above for extremes with Imean > p90(hlst) (i) and (j) for extremes

with Imean > p99(hist).
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7.5. DISCUSSION AND CONCLUSION

into different durations (Fig. 7.6f), these changes are driven by modifications primarily
to the frequency of medium to long-duration events. The frequency of short events is
less affected by the climate change signal and increases only slightly in late summer.
The results of the single ensemble members and the statistical significance of the change

signal are provided in Supplementary Fig. D.5.

In contrast, we find that all CPMs project an increasing number of extreme events
(Fig. 7.6g and i). For events above p90, the increase is projected to be strongest in
late summer and the early winter half-year, which agrees with the strongest projected
temperature increases in the KIT-KLIWA ensemble during that time of the year
(Hundhausen et al., 2023). The increase in the summer is mainly reflected in extreme
events with a duration of <12h. We also find a projected increase in the frequency of

long extreme events above p90, primarily in the winter half-year (Fig. 7.6h).

For very extreme events (>p99), an increase in frequency is projected throughout
the year, but concentrated in the summer months from May to September and peaking
in July (Fig. 7.61). This result applies mostly to short and medium-duration events
(significant increase in all ensemble members in July; Supplementary Fig. D.5); only
in the case of long events does the ensemble show an increase in these extremely rare

events extending into the winter (Fig. 7.6j).

In summary, the observations show distinct seasonal patterns in precipitation events
across different durations. Long-duration events dominate in winter, medium-duration
events prevail in the summer half-year, and short-duration events occur primarily
in summer. Extreme events are concentrated in the summer. The CPM ensemble
captures these seasonal patterns but exhibits biases, overestimating long events and
underestimating short ones. All models represent the seasonality of extreme events
reasonably well, despite a late summer bias in HaddGEM2-ES-C. With global warming,
the CPM ensemble projects a reduction in summer events and an increase in winter events.
The frequency of extreme events is projected to increase across all CPM simulations.
Short to medium duration events exceeding p90 (p99) are expected to rise most notably
in late summer (summer), while long-duration extremes increase in the winter months

(throughout the year).

7.5 Discussion and conclusion

We have analysed precipitation events in the projections from the KIT-KLIWA
ensemble to study the climate change response of precipitation events with respect to

Imean, and seasonality. The chapter has revealed the following key results:

1. The CPMs reproduce the link between Imean and event duration across sub-daily
events in Germany as found in observations with a bias of too persistent events.
The projections reveal increasing Imean in the future across all event durations,

leading to unprecedented events with record-breaking Imean.
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2. The event frequency changes affect the annual cycle so that longer events increase
in winter but decrease in summer, whereas short duration events show a slight
increase in frequency, mainly in late summer and winter. Extreme events of short
to medium duration mostly increase in frequency in summer. Long duration
extreme events (>p90) increase in winter and the most extreme events (>p99)

throughout the year.

The dynamical downscaling in the CPM ensemble demonstrated an expected increase
in Imean under climate change, corroborating previous studies which also found more
significant and larger changes for short, sub-daily, and extreme events (e.g. Berg et al.,
2019; Rajczak and Schér, 2017; Ban et al., 2020, 2015; Hundhausen et al., 2024).
Importantly, we find that our CPM projections show that unprecedented events with
extremely high mean intensity occur under future conditions, similar to record-breaking
events in transient CPM projections for the UK (Kendon et al., 2023). The identification
of unprecedented events in all three ensemble members’ analyses, despite examining
only 21 years (compared to 30 years in the historical reference) for Germany, reinforces
that these events are expected to occur in a warmer world. This finding underscores
the need for climate adaptation to address record-breaking events, in agreement with
Fowler et al. (2021b). We note that follow-up studies are necessary to understand the

atmospheric conditions leading to these events and to assess their impacts.

Our event-based analysis of the CPM projections reveals that changes in precipitation
event frequency affect the annual cycle, leading to fewer long precipitation events in
summer and further reduced water availability, since a larger fraction of the precipitation
occurs in an increasing number of extreme events. This complements results from
previous CPM studies for Germany (Ban et al., 2020; Hundhausen et al., 2024). Such
extreme precipitation events lead to increased surface run-off, water may be unsuitable
for drinking due to contamination by pollutants (e.g. Kistemann et al., 2002), and the
risk of flash floods from short, intense rainfall is increased (Fowler et al., 2021b). To
cope with the changing distribution of water resources in the future, adaptive water

management strategies are needed.

Our analysis demonstrates the potential of CPM simulations to assess changes in the
climatology of precipitation events. We argue that the event-based approach produces
tailored information to support successful climate adaptation, such as risk assessment
and water management. The identification of unprecedented events as well as the
declining water availability in summer events presents a valuable interface with impact

models, such as data-driven hydrological modelling.
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8 | THE SCALING OF PRECIPITATION EVENT
PROFILE CHARACTERISTICS

8.1 Introduction

Design rainfall profiles for hydrological modelling are typically based on ranked
analytical approaches using long observational time series. Currently, it is assumed that
the same design profiles, based on past observations, can be used to design systems in a
warming climate (Dale, 2021). However, there are indications that the temporal profile
of precipitation events changes with warming temperatures (Wasko and Sharma, 2015;
Visser et al., 2023; Ghanghas et al., 2024, , details in Chapter 2), posing a significant
challenge for design flow estimation in a changed climate. Reliable projection of temporal

precipitation profiles is crucial to address this challenge.

We have established in Chapter 6, that the simulation of sub-hourly precipitation in
the KIT-KLIWA ensemble adequately represents the features of observed precipitation
event temporal profiles. Further, we showed in Chapter 7, that there is an intensification
of mean event precipitation intensity with global warming and changes to the frequency
of events. In this chapter, we extend the analysis to investigate precipitation event
profile characteristics; intensity — specifically the event 5-min peak intensity (Imax),
the 1-h peak intensity (I1h) and mean event intensity (Imean) — and the timing of the
bulk precipitation, parametrised over D50 for summer precipitation events. Specifically,
this chapter assesses the research question: How do the precipitation event profile
characteristics Imax, I1h, Imean, and D50 depend on temperature and does this apparent
scaling relationship translate into a climate change signal? We approach the research

question in three steps:

a) Evaluation of the apparent scaling rates for Imax, I1h, Imean, and D50 in the

historical CPM simulations.

b) Comparison of the established apparent scaling relations in the historical time
slice with the apparent scaling rates in the future time slice to test whether the

relationships hold in a warmer future.
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c) Assessment of the climate change signal of Imax, I1h, Imean, and D50 in the CPM

projection.

The chapter is structured as follows: First, the methodology is outlined, including a
description of the event catalogue and the approach to estimating scaling rates for both
the apparent and climate scaling of precipitation event characteristics (Section 8.2).
Section 8.3 investigates the apparent scaling relationship for the event characteristics
Imax, I1h, Imean, and D50. In Section 8.4, the apparent scaling rates in the historical
and future time slices are compared. Section 8.5 focuses on the climate scaling of the
precipitation event characteristics. The chapter concludes with Section 8.6, synthesizing

the results and setting them within the context of the existing literature.

8.2 Methods
8.2.1 The event catalogue

The event-based analysis is based on the method presented in Chapter 6. In this
chapter, we analyse precipitation events in the following datasets: Station observations,
Radar data at the station locations (1 kmx1km resolution grid point closest to the station
location), Radar data interpolated onto the model grid (2.8 kmx2.8 km resolution), and
the three ensemble members EC-EARTH-C, HadGEM2-ES-C, and MPI-ESM-LR-C.
The criteria for the event selection for analysis are the same as in Chapter 7 (analysis
of event climatology): precipitation sum >5mm, duration > 1h. In agreement with
Chapter 7, the available observational data in a year to be considered within the analysis
is >95%.
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Figure 8.1: Overview of the data used for the event catalogue. The CPM data is

only analysed in the German part of the domain.

For the analysis, each precipitation event is associated with a representative tem-

perature for that event. Temperature recordings are available from an observational
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dataset from DWD at 340 stations that also record sub-hourly precipitation within the
analysis domain (Fig. 8.1). Gridded Tmax data that are associated with radar data is
available in the HYRAS dataset until 2020. An overview of the data availability in the
event catalogue analysed here is in Table 8.1, with detailed information on the specific
years analysed available in Supplementary Fig. E.1; for details of the datasets, refer
to Chapter 4. Analogously to the previous chapters, the analysis is restricted to the
German part of the domain. In addition, we restrict the analysis to precipitation events

in the summer half-year (April to September).

Table 8.1: Overview of the event catalogue analysed. The data availability for the
observational data indicates the total number of analysed years, and does not reflect
sub-annual data gaps (by definition <5%). Data coverage in the radar model grid is
calculated as analysed years at all grid points / (18 years in the full dataset X number
of grid points). The Tmax dataset “CPM” indicates that Tmax is taken from the
simulation’s output. Hourly station datasets and the CPMs also provide dew point
temperature data.

Event dataset Tmax dataset Period and data availability
Stations Hourly station ob- 2003-2022, 340 stations, in average 15.8
servations years analysed

Radar station lo- Hourly station ob- 2003-2022, 336 grid cells, in average 15.0

cation servations years analysed

Radar model grid HYRAS 2003-2020 with data coverage of 95%

EC-EARTH-C CPM Historical 1971-2000, projection: 2001-
2020, 2051-2070

HadGEM2-ES-C CPM Historical 1971-2000, projection: 2001-
2020, 2051-2070

MPI-ESM-LR-C CPM Historical 1971-2000, projection: 2001-
2100

Subsample of extreme events

The analysis covers an assessment of the composite of all events as well as two subsets
of heavy precipitation events. A heavy precipitation event is defined over the mean
intensity of the event, Imean (compare with Chapter 7). The subset of heavy-10% events
comprises an analysis of all events that exceed the 90th percentile (p90) of Imean in the
respective dataset. The subset of heavy-1% events comprises an analysis of all events

that exceed the 99th percentile (p99) of Imean in the respective dataset.

The Imean thresholds are evaluated based on the pooled results of all stations or
radar/model grid points without consideration of regional patterns. This threshold is
specific for each dataset (Station, radar station grid, radar model grid, and ensemble
member) as well as for each duration category. The thresholds are provided in Table E.1.
We also use this definition of heavy precipitation for the analysis of future projected
time slices in the CPM simulations, with a specific threshold set for each 20-year time
slice (Tab. E.3 and Tab. E.4).
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The approach of using a flexible threshold allows the assessment of the top 10 % of
events in each dataset and time slice independently of bias in event frequency assessed
in Chapter 7. Even though the method is analogous to that used in Chapter 7, the
different threshold values here are due to the consideration of only the summer half-year
in this Chapter.

8.2.2 Temperature covariate

Apparent scaling relationships for precipitation intensities, first introduced in the
pioneering work of Lenderink and Van Meijgaard (2008), have become widely used for
analysing precipitation, particularly precipitation intensities, in relation to temperature
(e.g. Berg et al., 2013; Ali et al., 2022; Da Silva and Haerter, 2024). The covariate
used to assess this scaling is typically an “event-associated” temperature. Different
approaches have been used for determining this temperature. Commonly, mean daily
surface temperature, Tmean, is used as a practical proxy for atmospheric moisture
capacity (Berg et al., 2009).

However, apparent scaling relationships based on maximum daily surface temperature,
Tmax, have been previously assessed in Lenderink and Van Meijgaard (2008) and Berg
et al. (2013) and were found to result in a similar apparent scaling relationship for
precipitation extremes as the more commonly used Tmean. A thorough evaluation of
the use of different scaling variables in the here presented CPM dataset is provided
in the supporting section E.1. Since using Tmax as the scaling variable effectively
captures precipitation variability while minimizing the impact of the cooling effect from
the rainfall itself, and it is available in daily datasets, we choose Tmax on the day of the
event as the associated event temperature within our analysis, referred to as event-T .

in the following.

In addition, daily maximum dew point temperature was extracted for the CPM
simulations and for observations (event-TDy,x). However, we restrict our discussion of
dew point temperature scaling of precipitation in this chapter to contextualising the

behaviour of event-Tiax scaling at high-temperature ranges.

8.2.3 Apparent temperature scaling

Apparent scaling relations with event-Ti,, are derived for the following event charac-
teristics: maximum 5-min intensity (Imax), maximum 1 h-intensity (I1h), mean intensity
of the event (Imean), and the percentage of event duration at which 50 % of precipitation
event total is reached (D50, see Chapter 6 for details). There are several approaches
used for deriving scaling relationships within the literature, which can be grouped into
binning and quantile regression methods (Ali et al., 2022). In this study, we adopt the
widely-used binning method, which groups samples into temperature bins of equal size.
Following Lenderink and Van Meijgaard (2008), we apply a bin width of 2°C. We then
estimate the 50th percentile (p50) of each characteristic (Imax, I1h, Imean, and D50)
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for each temperature bin, as well as the 90th percentile (p90) for the intensity measures

(Imax, I1h, Imean).

To quantify the apparent scaling, the scaling rate for the intensity measures (Imax,
I1h, Imean) is approximated using an exponential relationship with temperature, while
D50 — based on Visser et al. (2023) — is approximated with a linear relationship. A least

squares polynomial fit is used to fit the data according to the following relationships.

To assess the exponential scaling of the intensity characteristics, a linear regression
is fitted to the logarithm of p50 and p90 of the distribution in each temperature bin as

a function of temperature:
log(py) = a + bTmax, with p, € {p50,p90} (8.1)
a and b are the fit parameters. The apparent scaling rate, SR, in %/°C is given by:

SR = 100(e” — 1) (8.2)

To evaluate the dependence on D50, we use a linear regression to the median D50

(p50) over temperature as in Visser et al. (2023):
p50 = a + slope - Tmax (8.3)
The slope of the linear regression is the apparent linear scaling signal.

The analysis of apparent scaling is based on pooled data over the regional domain,
similar to the previous analysis of apparent scaling in Berg et al. (2013) over a similar
domain in Germany. A threshold of at least 50 data points was set for each temperature
bin to be included in the fit. In addition, temperature bins below the coldest 5% and
warmest 5 % events were excluded from the calculation of scaling rates or linear change
signals, similar to Ali et al. (2022). A sensitivity analysis showed that the magnitude of
the scaling rate is sensitive to this cut-off threshold, consistent with Ali et al. (2022).
The 5% threshold largely excludes the previously assessed “hook” structure of negative
apparent scaling at high surface air temperatures in many regions (e.g. Hardwick Jones
et al., 2010; Utsumi et al., 2011; Panthou et al., 2014; Ali et al., 2018). Due to the
dependence of the scaling rate on the temperature range, the scaling plots of Imax, I1h,
Imean, or D50 versus temperature are always given for context, rather than scaling rates
alone. The sensitivity analysis is provided in the Supporting Section E.1 for further
details.

We assess apparent scaling rates for events of different durations based on the same
categories as in the previous chapters: short events from 1h to < 3h, medium events
from 3h to < 12h, and long events from 12h to < 24 h.
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8.2.4 Climate scaling rates

The calculation of the climate change signal is based on projected 20-year time
slices, the longest available period in the projection of all ensemble members. Each
20-year time slice is assigned the GWL of the middle, 10th, year. For EC-EARTH
and HadGEM2-ES, the calculation includes the 30-year historical time slice (GWL =
0.46 °C) and the projected time slices 2001-2020 and 2051-2070. For the transient 5-min
time series in MPI-ESM-LR-C, the analysis is extended to the nine overlapping time
slices 2001-2020, 2011-2030, 2021-2040, 2031-2050, 2041-2060, 2051-2070, 2061-2080,
2071-2090, 2081-2100. For details regarding the GWL calculation refer to Chapter 4.

Analogous to the apparent scaling, the climate change signal of intensity measures —
Imean, Imax, I1h — is approximated by an exponential function which is fitted to the
50th, 90th and 99th percentiles (p50, p90, p99) of the distribution in the respective
time slice:

log(pz) = a +bGWL, with p, € {p50,p90, p99} (8.4)

The climate scaling rate (CSR) in % is given by:
CSR = 100(e” — 1) (8.5)

The climate change signal of event-Ti,ax and D50 is evaluated using a linear regression
across the different GWLs. We evaluate the 10th, 50th and 90th percentiles (p10, p50,
p90) of the distributions of event-Ti,ax and D50 in each time slice. The climate change

signal, CCS, is given by the slope of a regression to the percentiles:
pe = a+ CCS-GWL, with p, € {p50,p90, p99} (8.6)

CCSs are evaluated for the full event data as well as the heavy-10% events and heavy-1%

events.

8.3 Apparent temperature scaling

This section assesses the apparent scaling of precipitation event characteristics
in observations under current climate conditions and evaluates the ability of CPM
simulations to reproduce these features in their historical simulation (1971-2000). We
start with an evaluation of event-Ti,.y, then assess the apparent scaling of intensity
measures Imax, I1h, and Imean and conclude with an assessment of the apparent scaling
of D50.

8.3.1 Evaluation of the temperature covariate, event-T7},,,

Event-Thax from the HYRAS dataset that is associated with precipitation events

the gridded radar data (radar model grid) aligns well with the station observations for

108



8.3. APPARENT TEMPERATURE SCALING

(a) summer, all events (b) winter, all events
0.175 station 0.20 1 —— Station
0.150 { = Radar station grid —— Radar station grid
Radar model grid 0.15 Radar model grid
0.125 EC-EARTH-C ™ —— EC-EARTH-C
201001 — HadGEM2-ES-C 2 —— HadGEM2-ES-C
@ MPI-ESM-LR-C 20.10 MPI-ESM-LR-C
£0.075 - g
0.050 - 0.05 1
0.025 A
0.000 A 0.00
(c) summer, heavy-10% events
0.175 1
== = Station TN 0.175 R == = Station
0.150 1 = = Radar station grid II/ i -V, 0.150 4 P4 \,)\\ = = Radar station grid
0125 1 Radar model grid lony \ “ N\ 1 4 '.‘\ Radar model grid
) —=-- EC-EARTH-C J u,; )\ k 0.125 1 W 4 AN ——- EC-EARTH-C
20.100{ -—- HadGEM2-ES-C /Y 20.1004 N 4.’, \'i \ ~=- HadGEM2-ES-C
a MPI-ESM-LR-C / "/ /) a2 B | A\ MPI-ESM-LR-C
4 - \
&oors 4 £0.075 1 1 II ' \\
/ Y
0-0507 R 0.050 O h "N
v ‘) NN\
i % i K4 \
0.025 ;Y 0.025 ' v\
7 4 A Yoo
L _etla? SSA
0.000 1 —— 0.000 A e
(e) summer, heavy-1% events (f) winter, heavy-1% events
020d ™" Station ,“\ EANNTEY = = Station
- = = Radar station grid 1'_7\ X-\\ K 'V‘//“ — = Radar station grid
Radar model grid il ‘), Vs 0.15 4 l _’51: 1 Radar model grid
0.15 { ==~ EC-EARTH-C SN T AN --- EC-EARTH-C
> -~ HadGEM2-ES-C ] Il poov\y > A N\ -~~~ HadGEM2-ES-C
a MPI-ESM-LR-C Y R 2 0.101 i X\ MPI-ESM-LR-C
 0.10 1 vy Vi @ 4 Wy
a ;A Vil Q / Ny
¥ Ay 0.05 -l W
0.05 i 1/ N VK | N
v/ AN | / N
Y A J 4
# ;l NN S ‘0 N\,
0.00 4 o aem = NS e 0.00 1= == == = T —
-10 0 10 20 30 40 -10 0 10 20 30 40
Tmax in °C Tmax in °C

Figure 8.2: Distribution of event-Ty,. associated with precipitation events of 1 h-
24 h duration for the full event set in (a) the summer half-year and (b) in the winter
half-year, heavy-10% events in (c) the summer half-year and in (d) the winter half-year,
heavy-1% events in (e) the summer half-year and in (d) the winter half-year.

all events in both summer and winter (Fig. 8.2a and b). For heavy-10% and heavy-
1% events, however, discrepancies become evident. In summer, event-Ty,.x associated
with radar data (radar model grid) exhibits a systematic positive bias compared to
station measurements of temperature associated with events in station data and radar
data on the station grid (Fig. 8.2c and e), whereas, in winter, the deviations are
smaller, with a slight negative bias (Fig. 8.2d and f). These biases are attributed to
differences in event selection and sampling locations between the two datasets. Minor
differences in event-Ty,.x distribution between the station measurements and radar
measurements at the station location indicate variations in event detection, likely due
to lower detection frequency of precipitation events in the radar data, associated with a

negative precipitation bias in the radar data compared to the station data.

Simulated event-Tyax associated with summer precipitation shows a systematic cold
bias in the EC-EARTH-C and MPI-ESM-LR-C runs (Fig. 8.2a). The simulation driven
by HadGEM2-ES overestimates the variance in the summer temperature distribution,
resulting in an exaggerated occurrence of cold and hot conditions. This extends to
event-Tax associated with heavy-10% and heavy-1% events, where high temperatures
are overestimated by HadGEM2-ES. During winter, HadGEM2-ES-C exhibits a cold
bias similar to that of the other ensemble members (Fig. 8.2b, d, f). This cold bias
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in event-T},,x associated with precipitation events aligns with the general cold bias
observed in the KIT-KLIWA ensemble (Hundhausen et al., 2023).

A further bias in the simulations comes from an overestimation of frequencies near
to the freezing point. All ensemble members display a pronounced peak at event-Tiax
~ 0°C, a feature absent from observational data (Fig. 8.2b). This model deficiency is
expected to be reduced in more recent versions of COSMO-CLM, which incorporate an
updated formulation of skin temperature in the Land Surface Scheme TERRA (Schulz
and Vogel, 2020). The temperature bias in the CPM simulation is discussed in detail in
Hundhausen et al. (2023).

Given the biases in modelled event-Ti ., particularly around freezing point, our
analysis of apparent and climate scaling is restricted to the summer half-year. This

restriction minimises the impact of the unrealistic CPM behaviour on the results.

8.3.2 Intensity
Apparent scaling rates for Imean, I1h, Imax

To comprehensively capture the different characteristics of precipitation event inten-
sity, this analysis includes a range of intensity measures: Imax, [1h, and Imean. The
following patterns are derived from the scaling relationship provided in Fig. 8.3 and the

associated apparent scaling rates in Fig. 8.4.

Imax The observed scaling of Imax with event-T1,, reveals an increase of Imax with
rising temperatures, with the strongest rate of increase occurring between 10 °C and
25°C (Fig. 8.3a-d). Below and, especially, above this range, the rate of increase flattens,
before levelling off and scaling even becomes negative in station data at temperatures
above 28 °C. This distinctive hook pattern, a common feature of apparent scaling rates
in many regions when using surface air temperature, aligns well with findings from
previous studies (e.g. Hardwick Jones et al., 2010; Utsumi et al., 2011; Panthou et al.,
2014). In station observations, the scaling of p50 of Imax ranges from approximately 5 %
for short events to around 8.5 % for longer duration events, thus the apparent scaling of
Imax generally shows an increase with event duration (Fig. 8.4a). For events above p90,
the scaling rate is higher than for p50, with maximum values close to 10 %/°C at the
longest event durations (12-24h). Radar observations generally show a lower scaling
rate for Imax with temperature than found for station observations, except for short
duration events (Fig. 8.4a). For p50, the scaling rate is 5 to 6 %/°C which is below
CC-scaling. The higher apparent scaling rates for p90 exceed the CC-rate except for
short duration events: this agrees well with relative scaling rates for station observations.
The increase in apparent scaling rate with event duration is also present for p90 in the

radar data.

The CPM ensemble simulations capture the main characteristics of this approximately

exponential temperature scaling at moderate temperatures, with a pronounced flattening
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Figure 8.3: Apparent scaling relations in observation and historical CPM simulation
of median and p90 of the three intensity measures (a-d) Imax, (e-h) I1h, and (i-1)
Imean. Columns refer to the different duration categories: 1-24h (1st column), 1-3h
(2nd column), 3-12h (3rd column), 12-24h (4th column). Grey shading indicates the
frequency distribution in the CPM ensemble, diagonal lines indicate CC-scaling with
a slope of 7%/°C.

at both lower, and especially higher, temperatures (represented in blue in Fig. 8.3a-
d). This levelling-off at higher event-T . is most notable in the ensemble member
driven by HadGEM2-ES, which reaches higher event-T1,,x values than other ensemble
members. We find the increase in Imax in the CPM ensemble simulations is steeper
than for observations, resulting in higher apparent scaling rates (Fig. 8.4a). This model
overestimation is somewhat reduced for p90 compared to p50. The CPM simulations also
replicate the increase in apparent scaling rate with event duration found in observations
for both p50 and p90, as well as an enhanced scaling of p90 relative to p50. Scaling
rates beyond CC are found for simulated Imax at p50 and p90, with a maximum p90
scaling rate in MPI-ESM-LR, exceeding 12%/°C. The lowest scaling rate for p90 is
found for short duration events in the ensemble member HadGEM2-ES-C due to its
pronounced hook pattern, leading to an apparent scaling rate below CC-scaling rate.

However, this ensemble member shows a stronger scaling of p50 compared to p90. The
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Figure 8.4: Apparent scaling rates for (a) Imax, (b) I1h, and (c) Imean.

ensemble spread is found to be larger for short duration events and for p90 compared to

p50 and tends to increase with event duration.

I1h I1h shows similar apparent scaling to Imax, with exponential scaling from
approximately 10 to 25°C and a levelling-off above this temperature (Fig. 8.3e-h).
Scaling is higher for p90 compared to p50, and scaling increases with event duration.
However, the magnitude of the apparent scaling rates for I1h is consistently lower
than for Imax (Fig. 8.4b). Although the observed scaling rate for p50 is below CC-
scaling, the scaling for p90 approaches the CC-rate for long duration events for the
station observations but stays below the CC-rate for the radar observations. The
CPM simulations reproduce this enhanced scaling for p90 compared to p50 found in
observations, and the stronger scaling found for longer duration events. Again, the
CPMs show an overestimation of apparent scaling rates compared to observations,
especially for p50. The apparent scaling rates for p90 of I1h are well above the CC-rate

for medium and long duration events.

Imean The shape of the scaling curve for Imean is similar to that for Imax and I1h,
discussed above (Fig. 8.3i-1). Scaling rates for Imean are strongest for the event pool of
all events from 1h to 24 h duration, which highlights the influence of event duration
here (Fig. 8.4c). For the station observations, the apparent scaling for 1-24 h events is
slightly below 7 %/°C for p50 and above the CC-rate for p90 at approximately 9 %/°C.
Scaling rates are significantly lower when considering single duration categories and
the observed scaling rate ranges from ~2 to ~4 % for p50 and up to 6 %/°C for medium
events for p90. In general, the apparent scaling rate for Imean is less dependent on
event duration. The CPM simulations reproduce the observed characteristics of Imean

scaling well, but the overestimation of observed scaling rates is evident.

There are some commonalities among the analysis of the three intensity measures:
for example, the scaling rate shows the strongest increase in the moderate temperature
range and levels off at higher temperatures. At high temperatures, even a negative

scaling with temperature is observed for short events. This finding of a “hook” pat-
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tern is typically observed when investigating scaling based on surface air temperature
(e.g. Hardwick Jones et al., 2010; Utsumi et al., 2011; Panthou et al., 2014). This
hook pattern can be explained by a limitation in moisture at high temperatures. To
support the explanation of negative apparent scaling resulting from limited moisture
availability, we performed the analogous apparent scaling analysis using maximum dew
point temperature, event-TDy, .y, instead of event-Ti,,¢. Shown for the example of Imax
in Fig. 8.5, the apparent scaling relationship with event-TD,,,x reveals that the hook
structure is removed and that a continuing exponential scaling rate at high temperatures
is more pronounced. The magnitude of the intensity scaling is strongest in the range of
event-TDp,,x between approximately 6 °C - 14 °C and the slope of the scaling relation is
lower below and above that range. No negative apparent scaling of intensity with event-
TDax is observed. This is shown for the example of Imax in Fig. 8.5, and provided for
the other intensity measures in the Supporting Information in Fig. E.5. In addition, the
apparent scaling rates derived from the scaling with event-TD,,,x are higher than the
apparent scaling rates based on event-Ti,ay resulting from limited moisture availability

in the apparent scaling relation with event-Ti,,x (Fig. E.6).
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Figure 8.5: Apparent scaling of Imax over event-TD,y.y in observation and historical
CPM simulation of p50 and p90 for (a) 1-24h, (b) short events 1-3h, (c) medium
events 3-12h, and (d) long events 12-24h. Grey shading indicates the frequency in
the simulation ensemble, diagonal lines indicate CC-scaling with a slope of 7%/°C.
Thick lines show the scaling relation with a cut-off of 5%, and thin lines with a cut-off
of 1%. Apparent scaling rates are always calculated with 5% cut-off.

Apparent scaling of profile steepness for extreme precipitation events

Combining the findings from the intensity measures reveals a stronger apparent
scaling of Imax compared to I1h and Imean. This indicates that the temporal profiles of
events under warmer conditions are steeper (more peaked) than under colder conditions.
Assessment down to the 5 min resolution suggests that this increased steepness extends to
scales shorter than an hour. To investigate this relationship not only across independent
samples in the dataset but also within individual precipitation events, we analyse the

scaling of the ratio Imax/I1h - termed the “peak ratio”.

We find that the peak ratio in the full event catalogue increases with event-Ti,.x

(Fig. 8.6a-d). The radar observations at the station locations (1 km resolution) show a
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Figure 8.6: Scaling of p50 of the peak ratio Imax/I1h for all events (1st row) and
heavy-10% events (2nd row). Columns refer to the different duration categories: 1-24h
(1st column), 1-3h (2nd column), 3-12h (3rd column), 12-24h (4th column). Grey
shading indicates the frequency distribution in the CPM ensemble.

significantly higher magnitude of the peak ratio than radar observations on the model
grid (2.8 km resolution), highlighting the importance of grid resolution for the assessment
of peak intensity - this finding holds for all event durations assessed. The rate of apparent
scaling with temperature does not seem to be subject to this difference in resolution and
is consistent between the two radar datasets. However, the rate of increase is higher in

the station data compared to the radar data, except for short events (Fig. 8.6a, c, d).

To assess the peak ratio in extreme precipitation events, the same analysis is conducted
for the heavy-10% events (Fig. 8.6e-h). The scaling of increasing peak ratio with higher
temperatures is preserved for the heavy-10% events. In addition, the subdivision into
short, medium and long duration events indicates that the scaling is weak for short
duration events that are relatively peaked in nature, and also for colder temperatures.
Scaling for longer duration events is stronger suggesting that these events undergo a

more notable transformation in their characteristics from colder to warmer conditions.

We include an analysis of the peak ratio in the CPM simulations for completeness
(Fig. 8.6). However, the bias discussed in the scaling of Imax and I1h leads to low
confidence in the CPM result. All CPM simulations reproduce the observed scaling of
increasing peak ratio with temperature for the full event catalogue (Fig. 8.6a-d). The
scaling rate is overestimated in comparison to observations, originating from too low
peak ratios at low temperatures. However, this bias is reduced for heavy precipitation
events (heavy-10% events in Fig. 8.6e-h) and the pattern of increased scaling rate with

an increase in event duration is reproduced by the CPM simulations. Yet, the assessment
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of heavy-10% events reveals a bias of peak intensity which depends on event duration,
with the CPM simulations underestimating the scaling rate for short duration events
but not for long duration events. This indicates a bias in the representation of short and

strong precipitation events by the CPMs, in agreement with Chapter 6 and Chapter 7.

Implication

To conclude the analysis of apparent intensity scaling in precipitation events, we
discuss the following key points from the analysis above: unexpectedly high apparent
scaling rates for peak intensities in extreme and average precipitation events, and the
bias in the representation of apparent intensity scaling for precipitation within the CPM

simulations.

The event-based analysis (compared to commonly assessed percentiles of the whole
wet fraction) has shown that super-CC scaling of sub-hourly peak intensities is not tied
only to extreme precipitation events, but in contrast, is observed in station observations
also for more moderate events. This increase in peak intensity is attributed to a shift
from predominantly stratiform precipitation under colder conditions, to an increase in
convective fraction in warmer conditions, as previously proposed by Berg et al. (2013)
or Da Silva and Haerter (2024). The shift in rainfall type is further supported by the
scaling of the event peak ratio, which indicates that precipitation events become more
peaked (steeper in temporal profile) at higher temperatures. This suggests that at higher
temperatures a larger proportion of the precipitation is convective, with more rapid
moisture release occurring as temperatures rise. This key result from the event-based
analysis thus indicates that high scaling rates, up to super-CC scaling, need not be tied

to thermodynamic constraints but can arise from changes in rainfall type.

Further, the event-based analysis revealed a dependence of Imax apparent scaling
rates on the event duration, with longer events generally showing a stronger scaling
of peak intensity. We interpret this to be because short events are generally more
convective by nature with already high peak intensities, while longer events tend to
be more stratiform in nature under colder conditions, with a greater potential for an
increase in convective fraction under warmer temperatures. This finding highlights
one of the benefits of using event-based intensity sampling, for a better exploration of

changes to the underlying processes.

The evaluation of apparent scaling in the CPM simulations revealed that, while the
models capture the main features of apparent intensity scaling — such as stronger scaling
for Imax compared to I1h and Imean, stronger scaling of Imax and I1h for longer events
compared to short duration events, and generally above-CC scaling for the p90 of Imax
and I1h — they systematically overestimate the magnitude of scaling rates compared
to observations. This overestimation was less pronounced when analysing the higher
percentile p90 compared to pb0, suggesting that biases in event representation within

the simulated event catalogue may contribute to this uncertainty.
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In summary, we find that apparent scaling rates are higher for extreme intensities
than for more moderate quantiles of the distribution. The scaling rate for precipitation
intensity depends on the representative period over which intensity is sampled, and
we find stronger apparent scaling for embedded peaks in a precipitation event than
for the mean intensity of the event. This translates into an increased steepness of the
temporal profile of events for warmer temperatures. The rate of scaling was found to
be dependent on event duration. While short-duration events scale strongest in Imean,
long duration events scale strongest for embedded peak intensities, for Imax and I1h.
The CPM simulations overestimate the scaling rates for Imax and I1h and show better
agreement with the observed scaling rates for Imean. CC-scaling is found to be exceeded
in the station observations of Imax, while apparent scaling rates for I1h is approximately
at the CC-rate for p90.

8.3.3 D50

The parameter D50 is used to assess the timing of bulk precipitation during the event.
For a detailed description of D50, refer back to Chapter 6. In this chapter, we first
analyse the co-dependence of D50 on Imean, and then derive the apparent temperature

scaling of D50 for all events and the heavy-10% events.

Dependence of D50 on precipitation intensity

The median D50 dependence on Imean for all events reveals predominantly centred
profiles (D50 ~ 50 %) at low Imean values (Fig. 8.7a-c). As Imean increases, the median
D50 tends to decrease, indicating that higher Imean values are associated with more
front-loaded event profiles. The decrease in D50 with increasing Imean is strongest in
the station observations throughout the different event durations. For short events at
Imean above approximately 10 mm/h, D50 rises in the observation datasets (mainly
for the radar), though events remain predominantly front-loaded (Fig. 8.7a). This
increase for high Imean is explained as short-duration events of very high Imean are
generally events with high precipitation rates throughout the event and thus without
pronounced peak structure. As a result, the very high Imean range does not exhibit

strong front-loading inherently.

To clarify the relationship at high precipitation intensities, the same analysis of D50
with dependence on peak intensity Imax instead of Imean was conducted (Fig. 8.7d-f).
The results show consistent centered profiles at low Imax and increasing front-loading

with increasing at all durations.

The CPM simulations capture the general patterns observed for different event
durations. However, limitations become apparent for short duration events. The CPM
slope of median D50 over Imean is less steeply declining with increasing Imean than in
the observations, indicating a limitation in representing front-loaded short and intense

events.
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Figure 8.7: Solid lines show the median of D50 in the respective Imean bin for
event durations of (a) 1-3h, (b) 3-12h, (c) 12-24h and the median of D50 in the
respective Imax bin for event durations of (d) 1-3h, (e) 3-12h, (f) 12-24h. The bin
width of Imean or Imax increases exponentially with an increment of x10°%. The
0.1 % highest and 0.1 % lowest Imean or Imax are excluded from the analysis of the
median in each dataset to remove the range with low data availability. Grey shading
indicates the normalised frequency in the simulation ensemble.

In summary, the findings show that the D50 is tied to intensity and there is a trend
of increasing front-loading with higher Imean. However, for short events with very
high Imean, precipitation events do not have a distinct front-loaded temporal profile.
These findings are consistent with the analysis in Visser et al. (2023) for Australia, who

attribute increased front-loading to an increase in convective proportion.

Scaling of D50 with temperature

A negative apparent scaling of median D50 with event-Ti,,x is observed, indicating
more front-loaded events in warmer conditions for all events. This negative scaling
is strongest for short duration events and much weaker for longer duration events
(Fig. 8.8a-c). Quantifying this relationship through linear regression, the scaling ranges
from approximately -0.8 % /°C for short duration events to -0.3 % for longer duration
events in the station data (Fig. 8.9). The scaling is weaker in the radar observations

than in the station observations. Closer inspection of the scaling curve reveals that the
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regression slope varies across the temperature range. For all events except the shortest
ones, the curve tends to be flatter at colder temperatures (up to around 15-20 °C) and
becomes steeper as temperatures rise beyond this point. The apparent scaling of D50
with event-Ty,.x for heavy-10% events is weakest for short duration events, which tend
to be relatively front-loaded over the whole temperature range (Fig. 8.8a). In contrast,
the scaling for medium and long duration events is generally stronger (more negative)
for the heavy-10% events than for all events (Fig. 8.8e-f). Station observations show the
steepest scaling for D50 of nearly -1.2%/°C for long duration events.
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Figure 8.8: Scaling relation of D50 over event-Ty,.x in the different datasets in
colour. The top row shows the relationship over all events with an event duration of
(a) 1h - 3h duration, (b) 3h - 12h duration, (¢) 12h - 24h duration. The bottom row
shows the relationship for the heavy-10% events: (d) 1h - 3h duration, (¢) 3h - 12h
duration, (f) 12h - 24h duration. Grey shading indicates the normalised frequency in
the simulation ensemble.

The CPM simulations reproduce the observed negative scaling of D50 with event-
Thax- The CPMs underestimate the scaling for short duration precipitation events but
are within the observational range for medium and long duration events. The CPM
simulations also reproduce the observed enhanced apparent scaling for heavy-10% events
compared to all events for medium and long duration events. The ensemble spread is
especially high for long duration events and generally higher for higher temperature

ranges.
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Figure 8.9: Slope of the linear regression of the D50 dependence on event-Ty,,x in
all events and heavy-10% events.

In summary, the apparent scaling of D50 with event-Ti,.x varies with both event
duration and precipitation intensity. Our results generally show a decline in D50
at higher temperatures, meaning that events become more front-loaded in warmer
conditions. The strength of this scaling is more pronounced for heavy precipitation
events (heavy-10% events) — except for events of short duration; these are already
predominantly front-loaded throughout the temperature range. The steepest decline
of D50 with event-Ti,ax is found for long duration, heavy precipitation events. The
CPM simulations reproduced this negative scaling of D50 with event-Ti,. as well as the
observed dependence on event duration, and the strongest scaling of heavy-10% events
for long duration events. The simulated magnitude of the apparent scaling relation for
the full event catalogue is in relatively good agreement with the observations. However,

a larger bias is apparent for heavy-10% events.

We hypothesize that changes in D50 are linked to shifts in precipitation type;
convective events tend to be more front-loaded, with the majority of precipitation released
at the start of the event, while stratiform events are more uniform in their temporal
distribution. As suggested by Visser et al. (2023), the temperature dependence of D50
indicates that the thermodynamically-increased water vapour at higher temperatures
precipitates preferentially at the beginning of an event, leading to a shift in the temporal

precipitation event profile.

8.4 Day-to-day variability in historical and future simula-

tions

The previous section evaluated the apparent scaling rates for summer precipitation
events in CPM simulations for the historical period. This section investigates whether
the same scaling relationships hold in a warmer future climate. We compare the apparent
scaling rates derived from the CPM historical simulation (1971-2000) with those derived

from the future time slice (2051-2070). The future time slice comprises only 20 years, in
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contrast to 30 years in the historical period. Despite the shorter duration, pooling data
across grid points results in a sufficiently large sample size for deriving robust scaling
rates. However, the shorter future time slice may limit the representation of the internal

variability of the climate system.

8.4.1 Intensity

Figure 8.10 shows the ensemble mean of the temperature scaling for Imax, I1h, and
Imean for the historical (blue) and future (red) time slices respectively. The ensemble
mean is presented for clarity, as the individual ensemble members largely overlap. Results

for each ensemble member are included in the Appendix for reference (Fig. E.7-E.9).

We find that the distribution of event-Tax in the future time slice shifts toward
higher temperatures (Fig. 8.10a-d). In addition, there is a decreasing frequency of
summer events in the future time slice. Note that this is not the focus of this Chapter:

frequency changes of events are detailed in Chapter 7.

The key features of the scaling for intensity in the historical time slice — an approxi-
mately exponential increase below 25°C, and curve flattening at higher temperatures
— are reproduced in the future projection (Fig. 8.10). The future time slice shows an
extension of the scaling curve along the same slope toward higher temperatures and
the threshold at which scaling flattens due to moisture limitations shifts to higher
temperatures. The extension of the future scaling curve for intensity along its slope
results in only minor changes in the future scaling rate compared to the historical
apparent scaling rate for short duration events (Fig. 8.11). For long duration events,
the scaling rate increases slightly in the future time slice, for both the ensemble mean
and the individual members (See Fig. 8.11 for the ensemble composite and Fig. E.7-E.9

for the single ensemble members).

This comparison suggests that past and future scaling curves largely align, particularly
for a moderate temperature range below ~25°C where the scaling is an approximately
exponential increase. However, we find slight positive lateral displacements in the
p50 scaling for Imax and Ilh, especially for long duration events (Fig. 8.10h and
1). The displacement mainly stems from the ensemble members EC-EARTH-C and
MPI-ESM-LR-C (Fig. E.7-E.8). This finding suggests that additional factors, possibly
dynamic changes or changes in moisture availability, may affect moderate events more
than extreme events, whose peak intensities are largely governed by thermodynamic

constraints.

In summary, this analysis indicates that future intensity scaling closely follows histor-
ical scaling rates, with an approximately exponential increase at moderate temperatures
and a levelling-off at higher temperatures due to moisture limitations. However, in

future projections, the exponential scaling is generally extended towards a higher tem-
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Figure 8.10: Projected apparent scaling relations in the reference (1971-2000) and
future time slice (2051-2070) of p50 and p90 of the three intensity measures Imax
(e-h), I1h (i-1), and Imean (m-p). Columns refer to the different duration categories:
1-24h (1st column), 1-3h (2nd column), 3-12h (3rd column), 12-24h (4th column).
(a-d) show the underlying temperature distribution to the according samples. The
diagonal lines indicate CC-scaling with a slope of 7%/°C.
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Figure 8.11: Apparent scaling rates for intensity in reference (1971-2000) and
projection (2051-2070) for the p50 and the p90 of the distributions. The intensity
measures (a) Imax, (b) I1h, and (c¢) Imean are shown. The gray horizontal line marks
CC-scaling with a rate of 7%.

perature range. Slightly higher apparent scaling rates in the future than in the historical

simulations agree with findings in Prein et al. (2016) for low-elevation regions in the US.

8.4.2 D50

We compare the CPM simulated scaling of D50 in the future and historical time
slices for the entire event catalogue as well as for heavy-10% events. Due to differences
in the D50 scaling curves among the three ensemble members for the historical period,
results are presented individually for each member rather than as an ensemble average
(Fig. 8.12-8.14).

The future scaling reproduces the key features identified for historical apparent
scaling of D50 with event-T,,.x — specifically, a general decline of D50, and a more
pronounced decline for heavy-10% events for longer event durations. Scattering in the
results of HadGEM2-ES-C for long duration events is attributed to dry summers in
this ensemble member, which tends to simulate fewer long duration events, potentially

leading to a biased occurrence in the spatially pooled dataset (Fig. 8.13d).

The dominant pattern across all ensemble members is a lateral shift of the scaling
curve towards higher event-Ti,,x (Fig. 8.12-8.14). This implies that median D50 is not
expected to remain constant under similar temperature conditions in a future climate,
with the same event-Ty,,x leading to fewer front-loaded events in the future compared
to historical period under similar temperature conditions. The strongest lateral shift is
found for heavy-10% events for medium and long duration events. For short duration
heavy-10% events, the ensemble does not consistently show a positive shift. The shift
could not be attributed to a reduction in moisture, as the same pattern is apparent in

the scaling with event-TDyax (Supplementary Fig. E.10-E.12).

The quantification of scaling by the slope of a linear regression indicates a similar

magnitude of scaling in the historical and future time slice for all events (Fig. 8.15). For
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Figure 8.12: Projected apparent scaling by EC-EARTH-C in reference (blue, 1971-
2000) and future time slice (red, 2051-2070) of the median of D50 over event-Ty,ax for
all events (1st row), and heavy-10% events (2nd row). Different duration categories are
displayed in columns: 1-3h (1st column), 3-12h (2nd column), 12-24h (3rd column).
The temperature distribution is provided in the background normalised with the
number of events in the historical period.

short duration heavy-10% events, the lateral shift does not strongly impact the slope of
the apparent scaling relationship. The uncertainty was assessed using bootstrapping
over the simulation years, and the resulting uncertainty is indicated by the whiskers
in the figure. Indeed, the estimates indicate no significant change in scaling for short
events. However, for medium and long duration heavy-10% events, the magnitude of the
scaling is lower in the future compared to the historical period. The ensemble spread
increases from historical to future time slice, particularly for longer duration events.
We attribute this increase to the shorter 20-year future time slice, a reduction in event

frequency, and potentially varying signals in the driving GCMs.

In summary, although the scaling curves of D50 with event-T .. do not align precisely
across the three ensemble members, they consistently show similar patterns when
comparing historical and future time slices. The primary pattern of change in future
projections is a lateral shift of the scaling curve towards higher temperatures, suggesting
that median D50 at similar temperature conditions is less front-loaded in the future
compared to the historical simulations. This shift is most evident for medium- and
long-duration heavy events. These findings suggest that, while certain scaling behaviours
of D50 appear robust under future climate conditions, the misalignment of past and
future scaling curves and the uncertainty in future scaling from different ensemble

members require cautious interpretation of projected D50 patterns.
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Figure 8.13: Projected apparent scaling by HadGEM2-ES-C in reference (blue,
1971-2000) and future time slice (red, 2051-2070) of the median of D50 over event-Ti,ax
as in Fig. 8.12.

8.5 Climate change signal

We now analyse the climate change signal: first, by assessing changes to event-Ti,.x;
second, by evaluating changes to intensity measures and peak proportions; and third,

by investigating changes to event profile shape using D50.

8.5.1 Temperature event-T,,,

To assess changes in the event-T,,x temperature distribution with global warming,
we examine the percentiles pl0, p50, and p90 of the event-Tiax distribution in each
time slice (Fig. 8.16). The corresponding linear climate change signal (CCS) for these
percentiles is shown in Fig. 8.17. The analysis is presented first for the full dataset,

followed by an assessment for the heavy-10% and heavy-1% events.

Projected event-T,,,, for all events

We find that the increase in p50 of event-Ty,,x associated with summer precipitation
events is generally below the increase in GWL (Fig. 8.16a-d, solid lines): the linear
change signal for the full event dataset is below 1°C/(°C GWL), except for short duration
events in the EC-EARTH driven simulations (Fig. 8.17a, solid lines). However, the
magnitude of the increase in event-Ti .« is dependent on the driving GCM. The highest
change signals are generally projected by EC-EARTH, and the lowest by HadGEM2-ES.
To contextualize the low increase in HadGEM2-ES-C, it should be noted that absolute
values of event-T .y are highest in HadGEM2-ES-C throughout the projection (Fig.
8.16a-d). All ensemble members agree on a stronger change signal for event-Tyay of

short duration events compared to longer events.

The change signal of p90 of the event-T},,x distribution is systematically higher than
the change in p50, across all ensemble members (Fig. 8.17a, dashed lines). Again, the
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Figure 8.14: Projected apparent scaling by MPI-ESM-LR-C in reference (blue,
1971-2000) and future time slice (red, 2051-2070) of the median of D50 over event-Ti,ax
as in Fig. 8.12.

change signal is strongest for short duration events. For p90, CCS is above 1°C/(°C
GWL) for short duration events and is around 1°C/(°C GWL) for medium duration
events. In contrast, for pl0 of the event-Ti,x distribution — describing the behaviour of
the coldest 10 % of events — increases are generally below the increase in the median,
except for long duration events. These contrasting results indicate increasing spread
in the event-Ti,.x distribution in a warmer future climate. We find a similar, although
less pronounced increasing spread in the distribution of event-TDyax (Supplementary
Fig. E.13).

Projected event-T),,, for heavy-10% and heavy-1% events

We find that event-Ty,ay associated with heavy-10% events and heavy-1% events has
a higher ensemble spread compared to the full event catalogue, indicating considerable
uncertainty in the projections. In heavy-10% events and heavy-1% events, an increase
above 1°C/(°C GWL) is generally found for the median in EC-EARTH-C, and MPI-
ESM-LR-C, whereas HadGEMZ2-ES projects an increase in event-Ti,,x below GWL
increase (Fig. 8.17b & c). The overestimation of projected event-Ty,.x in HadGEM2-
ES-C compared to the ensemble is more pronounced for heavy precipitation events
compared to the full event catalogue (Fig. 8.16e-1). The ensemble members converge
towards high GWL.

The change signal of heavy-10% events and heavy-1% events is generally higher than
for the full event dataset (Fig. 8.17b & ¢). Similar to the behaviour for all events, also for
heavy-10% events, the event-Ty,.y distribution widens in the future projection, derived
from a larger change signal of p90 compared to p50 and pl0 (Fig. 8.17b). A similar
pattern is projected for heavy-1% events, though it is less pronounced (Fig. 8.17c).
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Figure 8.15: Magnitude of the apparent linear scaling of D50 with event-Ti,,x in the
reference (1971-2000, blue) and future time slice (2051-2070, red). Whiskers represent
the range from the 25th to the 75th percentile of the apparent linear scaling. The
uncertainty was estimated using bootstrapping over the simulation years with 1000
repetitions with replacement.

In summary, we find that event-Ti, .« increase is strongest for short duration events
and generally higher for higher percentiles (hotter conditions) than for lower percentiles
(colder conditions). The magnitude of the climate change signal of event-Ty,,x is variable
across the CPM ensemble. It is generally below the change signal in GWL (<1°C/(°C
GWL)) for the full event dataset, but mostly above the GWL change signal for heavy
precipitation events. The findings suggest that the event-Ti,.x of extreme precipitation
events is more sensitive to an increase in global warming compared to event-Tj,a.x of

moderate events.

8.5.2 Intensity

We examine changes to Imax, I1h, and Imean. For each intensity measure, we

specifically assess changes to the percentiles p50, p90, and p99 of the distributions.

Imax The p50 of Imax increases at below the CC-rate for all ensemble members
(Fig. 8.18a-d and Fig. 8.19a). The increase is more pronounced for higher percentiles of
the distribution (p90 and p99), with this pattern being consistent across the ensemble.
For EC-EARTH-C and MPI-ESM-LR-C, climate scaling rates (CSR) of p99 exceed the
CC-rate for all event durations and maximum climate scaling rates of approximately
9%/°C are projected. HadGEM2-ES-C projects a lower CSR, for p90 and p99 (below CC).
This weaker climate change signal in HadGEM2-ES aligns with the weaker signal in
event-Tiax discussed above. The CSR is found to depend on event duration, particularly
for p50 of Imax which is generally larger for short duration events. For higher percentiles

(p90 and p99), there is no pattern of duration dependence.

I1h The CSR is similar for [1Th. The CSR of p50 is below CC and is strongest
for short duration events, while the CSRs for the extremes are higher and exceed the
CC-rate mainly in the EC-EARTH-C simulation (Fig. 8.18¢e-h and Fig. 8.19b). The
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Figure 8.16: Projected event-Ty,.x associated with the all events in the first row,
heavy-10% events in the second row, and heavy-1% events in the second row. Different
duration categories are displayed in columns: 1-24h (1st column), 1-3h (2nd column),
3-12h (3rd column), 12-24h (4th column). The pl10, p50, and p90 of the event-Ti,ax
distribution in each 20-year time slice are shown over the GLW associated with that

time slice.
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Figure 8.18: The p50, p90, and p99 percentile of the distribution of (a-d) Imax, (e-h)
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with that time slice. Different duration categories are displayed in columns: 1-24h
(Ist column), 1-3h (2nd column), 3-12h (3rd column), 12-24 h (4th column).
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strongest CSRs are projected for p99 in EC-EARTH-C, reaching approximately 9% /°C.
Compared to Imax, the CSR in I1h is slightly lower for p50, suggesting a slight increase

in peak ratio. However, this is not found for p90 or p99.

Imean Imean increases across all event durations (Fig. 8.18i-1 and Fig. 8.19¢). The
increase is stronger for p90 and p99 than for p50. The highest CSRs, of up to 10 %/°C,
are projected for EC-EARTH-C. However, the CSRs must be interpreted with caution,
as an increase in Imean can result from either a genuine rise in intensity or a shortening
of event duration. These results imply that, in general, rainfall in future rain events

will fall in more concentrated bursts.

In summary, the assessment of climate scaling for intensity measures indicates that
while p50 of Imax and I1h increases at a rate below CC, higher percentiles (p90 and
p99) of Imax and I1h can increase at a super-CC rate mostly in the ensemble members
EC-EARTH-C and MPI-ESM-LR-C. A comparison across the scaling of p90 and p99
of the different intensity measures does not show consistently stronger scaling of Imax
relative to I1h or Imean. This finding suggests no fundamental change to the peak
proportion of extreme precipitation; with both historic and future extremes likely to be

convective.

8.5.3 D50

To assess changes in the D50 distribution with global warming, we examine the
percentiles pl10, p50, and p90 for each time slice (Fig. 8.20). The corresponding linear
climate change signal (CCS) for these percentiles is shown in Fig. 8.21.

Using the full event dataset reveals no climate change signal in the distribution of
D50 (Fig. 8.20a-d). This is consistent across all ensemble members, duration categories
and assessed percentiles and is reflected in a CCS that is around zero for p50 and
shows only minor fluctuations for p10 and p90 (Fig. 8.21a). The largest deviations from
CCS = 0 are projected by the member EC-EARTH-C. Specifically, a negative CCS of
D50 for p10 in EC-EARTH-C (approximately -0.4 %/°C) suggests a slight projected
increase in the proportion of very front-loaded events. Conversely, p90 exhibits a positive
scaling, indicating a decreased proportion of back-loaded events. Given the minimal
projected climate change signal overall, no consistent patterns emerge with respect to

event duration.

The assessment in Fig. 8.20e-h for heavy-10% events and Fig. 8.20i-1 for heavy-1%
events, reveals that also for heavy precipitation events, no distinct climate change signal
is detected for D50. In both heavy-10% and heavy-1% events, larger fluctuations in
CCS are evident for longer duration events (Fig. 8.21b&c). However, these fluctuations
are accompanied by the largest ensemble spread, and no clear trend emerges. We
attribute these variations at longer event durations to changes in event frequency, as
the occurrence of long summer events is significantly reduced, potentially impacting the

regionally pooled statistics (see Chapter 7).
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Figure 8.20: Projected D50 associated with the full event dataset in the first
row, heavy-10% events in the second row, and heavy-1% events in the third row.
Different duration categories are displayed in columns: 1-24h (1st column), 1-3h (2nd
column), 3-12h (3rd column), 12-24h (4th column). The pl0, p50, and p90 of the
D50 distribution in each 20-year time slice are shown over the GLW associated with
that time slice.
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Figure 8.21: Slope of the linear regression of D50 over GWL in (a) the full event
dataset and (b) heavy-10% events, (c) heavy-1% events.
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In summary, the simulations do not project a climate change signal of D50. The
finding of no clear climate change signal in D50 seems to contradict the apparent scaling
results which indicate more front-loading with higher event-T,,x. This implies that
D50 may not be closely tied to thermodynamic changes, highlighting the limitations of

apparent scaling relations.

8.6 Discussion and conclusion

This chapter has assessed the precipitation event characteristics of peak intensity,
mean intensity and timing of bulk precipitation and their sensitivity to temperature.
The analysis comprises three steps: first, the apparent scaling rates for the historical
period were evaluated and compared to those from the observational datasets; second,
apparent scaling rates were compared for the historical and future climate; and third,
the climate scaling from historical to future climate was assessed. The key results of

the analysis are:

e The apparent scaling rates with event-T},,x are higher for Imax than for I1h or
Imean. This implies an increased steepness of the temporal event profile with
event-Tiax. Maximum observed scaling rates for Imax exceed the CC-rate and
approach 9%/°C. The CPM simulations systematically overestimate the apparent
scaling rates for Imax, I1h, and Imean. D50 shows a decrease with event-Ti,,,
indicating more front-loaded events with warmer conditions, a trend adequately

captured in the CPM simulations.

e Apparent scaling relations for Imax, I1h, and Imean from historical simulations
are preserved in the future simulations, with scaling curves extending towards
higher event-T,,x. However, there is a misalignment of past and future scaling

curves for D50.

e The CPM simulations indicate that the increase in event-Ti,. for the full event
dataset is generally below the projected increase in GWL but the increase in
event-Ti,.x for heavy precipitation events exceeds the GWL increase. The climate
scaling rate for the median Imax and I1h is well below the CC-rate. However, the
climate scaling rate is higher for p90 and p99 of Imax and I1h and can exceed the

CC-rate. No climate change signal in the projected distribution of D50 is detected.

Our finding of super-CC scaling in the apparent scaling rates supports previous
literature which documents this enhanced temperature scaling, particularly for sub-
hourly and short-duration events (Lenderink and Van Meijgaard, 2008; Loriaux et al.,
2013; Panthou et al., 2014; Fowler et al., 2021a). The overestimation of scaling rates
by the CPMs is consistent with the findings of Lenderink et al. (2021) using the
CPM HCLIM-AROME, which showed too strong dew point temperature dependencies.
Moreover, in agreement with our findings with COSMO-CLM, they also concluded that
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overestimation is more pronounced for moderate percentiles of precipitation intensity,

while the most extreme events exhibited only slight overestimation.

Our results showing consistent precipitation intensity scaling rates with surface air
temperature from past to future climates are similar to Prein et al. (2016) for the
US but diverge from studies such as Lenderink et al. (2021) and Zhang et al. (2017),
who report a downward shift of the scaling curves of precipitation intensities with dew
point temperature in the future climate compared to present-day climate. In addition,

Lenderink et al. (2021) and Prein et al. (2016) note significant regional differences.

To our knowledge, apparent scaling rates for D50 have only been evaluated in
observations by Visser et al. (2023) for Australia. They report similar negative apparent
scaling rates for D50 as observed in our study for Germany. In addition, Visser et al.
(2023) found systematic shifts towards more front-loaded precipitation events over the
last decades. However, our CPM-based projections for Germany do not replicate this
pattern for a future climate. This finding indicates the importance of considering
different climate zones. The finding of different regional signals of change in event-
loading is supported by Ghanghas et al. (2024) who use satellite data in a global analysis.
They showed that precipitation events in areas south of 30°N are becoming generally
more front-loaded, while those north of 30°N are becoming generally more back-loaded

with higher temperatures.

We further note that changes in D50 are dependent on event duration and frequency
changes. A decrease in the frequency of medium and long duration events in the future
as assessed in Chapter 7 might impact the assessment of the projected climate change
signal of D50. We propose that follow-up studies should investigate absolute measures
of the timing of the onset of peak intensity in the temporal precipitation profile, such as
the time to peak or the precipitation in the first hour. In addition, our study, based on
a regional composite, does not account for regional differences or frequency changes,
which might further impair the findings. Further, our assessment of the temporal profile
from an Eulerian perspective may obscure changes to the underlying storm structures
(Purr et al., 2021).

We find that the main future change to precipitation events is an overall increase in
intensity. However, changes to event frequency complicate the statistical analysis. The
issue has been discussed by Schér et al. (2016) and Ban et al. (2015), who suggest that
super-CC scaling rates may arise due to the use of percentiles conditional on rainfall
occurrence in scenarios where the frequency of wet days is changing. The analysis of
percentile thresholds can consequently lead to misleading results “where a decrease in
wet days can mimic an artificial increase in the intensity of heavy events” (Ban et al.,
2015).

The event-based analysis presented here encounters challenges in addressing the sta-
tistical issue highlighted in the literature regarding the use of wet-conditioned percentiles.

To mitigate this issue, we propose basing future analyses of event characteristics on
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relevant return levels to eliminate dependence on event frequency, allowing for a more

robust characterization of changes to precipitation extremes.
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Figure 8.22: Schematic of the role of event temperature increase in the climate
scaling of precipitation events, suggesting that super-CC climate scaling can be driven
by the disproportionate increase in temperatures associated with extreme precipitation
in contrast to super-CC scaling for peak intensities of moderate events, which can be
driven by a transition from stratiform to convective precipitation.

However, the event-based analysis did provide valuable insights into the mechanisms
driving super-CC climate scaling. Specifically, the analysis of event-Ti,,x in the CPM
projections revealed that the projected increase in event-Tj,.x for extreme precipitation
events exceeds the general event-T}, .« increase observed across the entire event catalogue
and event-T,,,x increases above GWL increase for extremes. This non-linearity raises
the question of whether the super-CC scaling observed in the climate scaling arises
from the same mechanisms as those responsible for super-CC scaling in apparent scaling
rates (Fig. 8.22): While super-CC in apparent scaling rate is generally attributed to
a shift in rainfall type (while still under debate and potentially also intensification of
convection can cause super-CC scaling), this finding suggests that super-CC scaling
in a climate change context may instead be driven by the disproportionate increase in
temperatures associated with extreme precipitation. This finding adds valuable context
to the understanding of super-CC scaling that we also find in the projection for summer
precipitation extremes, which are expected to be predominantly convective in both
past and future climates. If super-CC scaling were driven solely by shifts in rainfall
types, it would not manifest in these events. Even though the analysis is based on
event-Tmax, and a thorough assessment of humidity has not yet been conducted, our
findings highlight the role of disproportionate event-associated temperature changes in

increased intensities of extreme rainfall events in a warming climate.
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In conclusion, this chapter provides insight into the temperature dependence of
precipitation event characteristics, suggesting a clear relationship between temperature
and precipitation profile towards steeper, more front-loaded events with higher event-
Timax- In line with Visser et al. (2023) and Ghanghas et al. (2024), we hypothesize
that this shift in temporal precipitation profile is linked to a change to precipitation
type. Long duration, stratiform precipitation events tend to have more uniform, centred
profiles, while short duration, convective precipitation events exhibit a more peaked
structure, with rapid local atmospheric moisture release. In general, the results in
this chapter support the use of CPM outputs for data-driven hydrological modelling
as precipitation characteristics and their relation to temperature, including the timing
of bulk precipitation, are well reproduced in CPM simulations. Our analysis of the
CPM projections revealed that apparent temperature dependence of temporal event
profiles (profile peakedness and D50) may not result in a distinct climate change signal
for extreme summer precipitation events, potentially because such events are already
largely convective in nature. However, shifts in precipitation type may have a greater
impact on moderate rather than extreme events. To build on these findings, future

studies should include an analysis of precipitation events in other seasons.
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9 | CONCLUSION

In this thesis, we have conducted an in-depth analysis of the novel KIT-KLIWA ensemble,
a high-resolution, convection-permitting climate ensemble consisting of four members
driven by four CMIP5 GCMs, covering the period from 1971 to 2100 over southern
Germany. By exploiting the ensemble’s unique transient projections and high-resolution
precipitation data, this study improves our understanding of precipitation extremes in
CPMs and identifies future climate change signals in Germany, with a particular focus

on high temporal resolution.

This concluding chapter summarises the thesis (Section 9.1), synthesizes the im-
plications of the analysis (Section 9.2), and provides an outlook of the work (Section
9.3).

9.1 Summary

The thesis is motivated by the evidence that extreme precipitation is intensifying due
to climate change, posing significant risks to infrastructure and society. Contextualized
in Chapter 2, extreme precipitation changes due to climate change arise from an interplay
of thermodynamic and dynamic contributions, with dynamic contributions amplifying or
dampening the change signal regionally. The literature review underscores the complexity
of these changes, including regional variations, stronger scaling for short-duration events,
and a more pronounced increase in the most extreme events compared to moderate
extremes. Specifically, at short temporal resolutions, missing data is often a challenge
and uncertainty is high. Existing literature indicates that emerging high-resolution
CPM simulations offer an improved representation of extreme precipitation compared to
coarser, convection-parameterising models. However, CPM projections are often limited
to single realizations and time slice approaches, with assessments of the sub-hourly
scale being rare. The analysis of climate change signals in temporal precipitation profile

characteristics remains in its infancy.

Chapter 3 condenses the identified challenges and research gaps to define research

questions for the thesis. Specifically, four research topics were addressed. The schematic
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overview of the results is shown in Fig. 9.1. Below, we summarize the findings of each

part, addressing the research questions posed.
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Figure 9.1: Schematic summary of the thesis.

Topic 1: Return level changes

In Chapter 5, we examined return levels (RLs) of extreme precipitation events in
intensity-duration-frequency curves. We analysed RLs based on fixed durations (ED)
ranging from 1 hour to 3 days and return periods (RP) from 1 to 100 years. The
statistical analysis is based on a method originally developed for practical applications
in the DWA-A guideline (DWA, 2012), widely applied to observational data. We apply
the method to the four ensemble members in the KIT-KLIWA ensemble, spanning the
period from 1971 to 2100, to address the research question:

How do precipitation return levels evolve under global warming

as a function of duration and return period?

To address this question, we first evaluated the CPM simulations against observational
data and the KOSTRA rainfall risk product. The CPM simulations showed better
agreement with observed RLs for short EDs, but tended to overestimate RLs for durations
longer than 1 hour. Following this evaluation, we assessed RLs during the transient
projection period and derived climate change uplifts relative to GWL. The CPM
ensemble projects maximum climate change uplifts of 6 % to 8.5 % for each 1°C increase
in GWL, depending on the ensemble member. These uplifts vary for both ED and RP,
with the strongest climate change signals for short ED and long RPs. The sensitivity
analysis of the climate change signal revealed that the model spread is significantly
smaller for short ED than for long ED. Analysis of spatial uncertainty indicated that
estimates for long RPs are only feasible with pooled spatial information. Furthermore,
the spatial variance is found to increase with climate change. A substantial residual
standard deviation of the approximation of the change signal across the projection
period highlights the added value of considering a transient ensemble, thus avoiding the

sampling uncertainty typically associated with time slice approaches.

136



9.1. SUMMARY

Topic 2: Precipitation profiles in CPM

Motivated by the finding in Chapter 5 that the strongest intensification with global
warming was found for extreme precipitation over a short duration, we extend the
analysis of precipitation in Chapter 6 to the sub-hourly resolution — a resolution where
limited knowledge on the performance of CPMs exists. Specifically, we analyse 5-min
precipitation output in the KIT-KLIWA ensemble for the three ensemble members
EC-EARTH-C, HadGEM2-ES-C, and MPI-ESM-LR-C. The 5-min CPM output in the
historical simulation period (1971-2000) is compared with the observational data from
station and radar measurements. Moreover, an event-based analysis using the 5-min

data is used to answer the posed research question:

How well does the CPM ensemble reproduce the temporal profiles

of extreme precipitation events compared to observations?

To approach the research question, we start with an analysis of the 5-min precipitation
frequency distribution in the CPM simulations. We find that 5-min CPM precipitation
data adequately reproduces the observed precipitation frequency distribution, with an
underestimation of the most extreme intensities compared to the station observations, but
in agreement with the radar data. Compared to the precipitation frequency distributions
over longer temporal aggregation, the analysis reveals an increasing overestimation of
extreme intensities. This indicates a mismatch in the precipitation temporal correlation

structure of the CPM precipitation output.

In the second step, an event-based analysis method is developed that extracts
independent precipitation events from the 5-min time series and characterises event
precipitation profiles according to their duration, precipitation sum, 5-min peak intensity
(Imax), 1-h peak intensity (I1h), and D50, a metric for the timing of the bulk precipitation
(with D50 < 50% indicating a front-loaded event and D50 > 50% indicating a back-
loaded event). The event-based analysis reveals a tendency for the CPMs to overestimate

the persistence of precipitation events compared to radar and station observations.

In the third part of the analysis, we focus on the representation of extreme events in
the CPM ensemble, specifically those leading to 1h and 6 h annual maxima. The CPM
simulations generally reproduce event precipitation sums of those extremes of short (1h -
3h) and medium (3h - 12h) duration but tend to overestimate event precipitation sums
for long events (12h - 24h). Imax simulated by CPMs aligns with the radar observation
but is well below Imax observed in station data. The observed dominant front-loaded
fraction of extreme precipitation events leading to 1 h annual maximum precipitation

intensities is reproduced by the CPM ensemble.

In essence, the evaluation of the event-based method demonstrats that the CPM
ensemble effectively captures the temporal features of precipitation profiles, including
sub-hourly precipitation peaks. This establishes the event-based analysis as a tool to

explore climate change signals in Chapter 7 and 8.
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Topic 3: Projected event climatology

In Chapter 7, we extend the event-based analysis method to the available 5-minute
precipitation projection data in the ensemble (1971-2100 for MPI-ESM-LR-C, and
1971-2021 & 2051-2071 for EC-EARTH-C and HadGEM2-ES-C). This analysis in-
vestigates the projected climate change signal in the frequency of precipitation events.
The study hereby focused on all precipitation events exceeding a 5 mm threshold, with
particular attention to extremes — defined as events with a mean intensity (Imean) above
the 90th percentile of Imean in the historical simulations (1971-2000) — and very extreme
events, exceeding the corresponding 99th percentile. The analysis herein addresses the

posed research question:

What is the projected climate change signal for the frequency
of precipitation events and how does the climate change signal

manifest seasonally?

Comparing historical simulations to future projections, the CPM ensemble reveals
a declining frequency of events with low Imean and an increasing frequency of high
Imean events across all event durations. Furthermore, unprecedented events with record-
breaking Imean values are identified for all event durations and across all ensemble

members in a warmer future climate.

We find that the projected changes in event frequency show a clear seasonal pattern.
Long duration events are projected to increase in frequency in winter but to decrease
in summer, while short duration events show a slight increase in frequency, mainly in
late summer and winter. Short- to medium-duration extreme events (>p90 and >p99)
are projected to increase mainly in summer, while long-duration extreme events >p90
will increase in winter and the most extreme events (>p99) will increase throughout
the year. The study highlights the critical role of seasonality, attributing much of the
intensification of extreme precipitation to summer events. This intensification coincides
with a projected decrease in the overall frequency of summer events, implying a shift

towards a larger proportion of summer precipitation occurring in extreme events.

Topic 4: Scaling of event characteristics

Building on the event-based analysis and the future climate event catalogue from
Chapter 7, the analysis in Chapter 8 examines the characteristics of summer precipitation
events as a function of temperature and the evolution of the event characteristics in the
ensemble projection. In particular, the chapter evaluates the characteristics Imax, I1h,
Imean, and D50 of the temporal precipitation event profile. To analyse the dependence
on temperature, each event is associated with the daily maximum temperature on
the day of the event, the event-Ti,,x. The analysis in Chapter 8 answers the research

question:
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How do the precipitation event profile characteristics Imax, I1h,
Imean, and D50 depend on the event-associated temperature and
does this apparent scaling relationship translate into a climate

change signal?

The question is approached by first evaluating the apparent scaling relationships in
the historical CPM period (1971-2000) with radar and station observations. Apparent
scaling rates reveal an enhanced scaling of Imax with event-Ti,,x compared to I1h
or Imean, suggesting a clear relationship towards steeper precipitation profiles with
higher event-Ti,ax. Maximum apparent scaling rates for Imax in the observations exceed
CC-scaling. The CPM simulations systematically overestimate the intensity scaling.
The apparent scaling of D50 shows a decrease in D50 with event-Ti,ax, indicating more
front-loaded events under warmer conditions. This trend is captured in the CPM

simulations.

Secondly, the consistency of the apparent scaling between the historical (1971-2000)
and the future period (2051-2070) in the CPM ensemble is assessed. Apparent intensity
scaling relations from historical simulations are preserved in a future climate, with
scaling extending towards higher event-Ti,x. While certain scaling behaviours of D50
appear robust under future climate conditions, there is a misalignment of past and
future scaling curves, and events with the same event-T,,x tend to be less front-loaded

in the future time slice compared to the historical simulations.

Finally, the climate scaling of the event characteristics is analysed over 20-year time
slices in the CPM projection associated with the respective GWLs. The analysis of
future characteristics showed that the increase in event-Ti,,x is generally below the
increase in GWL for average events, but exceeds the increase in GWL for extreme
events. The 50th percentile, p50, of Imax and I1h increase at a rate well below 6-7%
(CC-scaling) per degree increase in the GWL. The scaling rates for the high percentiles
p90 and p99 of Imax and I1h exceed CC-rate in some ensemble members and for some
event durations. No climate change signal is detected in the projected distribution of
D50.

We hypothesise that the shift in precipitation profiles with event-Ti,,x — increased
steepness and increased front-loading — is due to a change in precipitation types from
stratiform precipitation, predominantly during colder conditions, to convective precip-
itation, predominantly occurring under warmer conditions. Our analysis of a CPM
ensemble showed that the apparent temperature dependence of temporal precipitation
event profiles may not lead to a clear climate change signal for extreme events, at least
in the summer extreme events studied, possibly because such events are already largely
convective in nature under recent climate conditions. The analysis also highlights the
importance of assessing the climate change signal of event-associated temperature: For
extreme events (Imean>p90 or Imean>p99), event-T},.x increases faster with global

warming than for moderate events (all events).
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In essence, we have conducted a comprehensive study of precipitation extremes
under climate change using the novel KIT-KLIWA ensemble. The thesis provides
valuable insights into the intensification of precipitation extremes with global warming,
highlighting how the magnitude of the intensification varies with duration and return
periods. By exploiting the 5-min resolution precipitation simulation in the ensemble,
the thesis advances the current understanding of the representation of sub-hourly
precipitation in CPM simulations. An event-based analysis highlights the occurrence of
unprecedented future events and seasonal shifts in event frequency. Further, we establish
a relationship between different types of precipitation profiles and their dependence on

duration, intensity, and temperature.

9.2 Implication

This section synthesises the implications of the broad analysis across the four research
topics. It first discusses the implications for future simulation strategies in CPMs,
followed by the implications for the transfer of climate information for climate adaptation

and engineering applications.

The added value of transient data and sub-hourly CPM data

The KIT-KLIWA ensemble provides a unique transient CPM projection for Germany.
We showed that transient simulations significantly reduce uncertainties in the projection
of future climate change signals of extreme precipitation compared to conventional
time-slice approaches, with a reduction of uncertainty due to internal variability of the
climate system. Our findings also indicate that extreme precipitation will become more
variable in the future compared to the past, further highlighting the growing importance
of addressing these uncertainties. In addition, by assessing climate change signals based
on GWLs, we have documented that transient simulations allow for a wider range of
analysis methods. This opens up the possibility of facilitating improved intercomparisons
between models driven by GCMs with different climate sensitivities. We therefore argue

for the inclusion of more transient simulations in future CPM ensemble setups.

By examining 5-min precipitation from a 30-year CPM simulation ensemble, this
study takes an important step towards addressing the knowledge gap in sub-hourly
CPM precipitation. The assessment of different temporal resolutions of precipitation in
the thesis improves the understanding of precipitation biases in CPM. In particular, we
highlight the tendency for overly persistent precipitation events leading to an overesti-
mation of the intensity of longer, e.g. daily precipitation extremes but not for shorter,
e.g. hourly precipitation extremes. In essence, the precipitation bias depends crucially
on the temporal resolution, and the finding implies that there is a bias in the temporal

correlation structure of simulated precipitation time series.

This finding is expected to have important implications for the implementation of

bias correction methods. Currently, quantile mapping approaches are commonly used
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for bias correction in regional climate models (Cannon et al., 2015). Such approaches
do not take into account the temporal correlation structure in the correction of the bias.
Based on our findings, event-based bias correction methods are needed to improve the

accuracy of corrected precipitation data.

In general, our results show that simulated 5-min precipitation extremes are within
the observed range of radar and station observations. This supports the reliability of
CPM data at sub-hourly resolutions, and the results argue for the inclusion of more
sub-hourly output in future CPM simulation designs. However, in addition, the wide
range of precipitation intensities in different observational products encountered in the
analysis also highlights the need for further quality controlled sub-hourly precipitation
data and assessment of bias in remote sensing based precipitation products (Villarini
et al., 2008).

Need for updated rainfall risk products

The results of this thesis have substantial implications for improving societal resilience
to extreme precipitation. The projected increase in extreme precipitation intensities
across all durations, from sub-hourly to multi-day scales, suggests that existing infras-
tructure is moving towards a state of maladaptation. This underscores the urgent need
for updated precipitation hazard products and engineering frameworks that account for

these climate change-driven changes.

In response to the intensification of precipitation extremes, some countries have
incorporated so-called climate uplifts into regulations for sustainable drainage design
(Dale et al., 2017). The results of Chapter 5 emphasise that climate uplifts for extreme
precipitation intensities should be of different magnitudes for different return periods
and durations. The finding supports the strategy that is e.g. used at the national level
by Denmark for rainfall design implementing different safety factors based on the return
period (Arnbjerg-Nielsen, 2008). We find that intensities over short durations and long
return periods are particularly sensitive to global warming. This is of concern because
such events can trigger flash floods, which develop rapidly with little warning and can
cause soil erosion and debris flows. This is critical, especially for urban areas, that
are particularly vulnerable to flash floods due to their high proportion of impermeable
surfaces (Archer and Fowler, 2018).

While transient ensemble data have improved the assessment of the climate change
signal of precipitation extremes, substantial uncertainties remain. This highlights the
critical need to incorporate uncertainty ranges in climate change uplifts. An example
is the framework used in the UK, where the Environment Agency provides a range of
allowances and the choice of allowance depends on the specific use case (UK Environment
Agency, 2022).

In addition, the analysis projects record-breaking events under future climate sce-

narios. This finding reinforces the inadequacy of relying on historical observations to
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estimate flood risk. The flood of 2021 in western Germany and neighbouring countries
tragically exemplified the devastating impact of such unprecedented precipitation events
for the region (Mohr et al., 2023; Ludwig et al., 2023; Kreienkamp et al., 2021). The
projected record-breaking events highlight the urgent need for climate adaptation strate-
gies to incorporate new, future “plausible worst-case” scenarios to ensure resilience to

unprecedented extremes.

Further, the event-based analysis revealed a shift towards fewer prolonged precipita-
tion events in summer, coupled with an increase in extreme precipitation events with
global warming. This pattern exacerbates the risk of both pluvial floods and droughts,
aligning with the IPCC (2021)’s broader climate projections. As extreme precipitation
events lead to increased surface runoff, the findings suggest that water availability in
summer is further reduced, posing a growing challenge in maintaining stable water
supplies for agriculture, industry, and households. In addition, water associated with
extreme events may be unsuitable for drinking due to contamination by pollutants (e.g.
Kistemann et al., 2002). To cope with the changing distribution of water resources in

the future, adaptive water management strategies are needed.

Implications for engineering applications, including precipitation design

profiles

Temporal profiles of extreme precipitation events are particularly important due
to their relevance for numerous practical applications. For engineering applications,
such as urban drainage design, infrastructure stress testing, and risk management, it is
common practice to rely on design rainfall profiles, which are artificially constructed

profiles often derived from observational data.

The study highlights significant limitations in runoff estimation methods that depend
on single design rainstorm profiles, as they disregard significant sources of variability
and uncertainty. We stress that real extreme precipitation events in Germany have
a number of different temporal profiles and we can attribute their frequency to event
duration as well as intensity similar to Villalobos Herrera et al. (2023a). Additionally,

we emphasize that the occurrence of these profiles depends on temperature conditions.

In the context of climate change, updating design rainstorm profiles is needed for
resilient planning that considers future extreme events (Dale, 2021). Realistic modelling
of such extreme precipitation event profiles has been limited in the past by inadequate
spatial resolution of climate models. Deep convection processes and related extremes in
coarser climate simulations using parametrized convection were found to be in general
too spatially diffuse, too persistent in time and showing too low intensity maxima of
extremes (Kendon et al., 2021).

With the use of 5-min precipitation data, we were able to evaluate simulated temporal
profiles in CPMs with observational data. A key finding is that CPM simulations ade-

quately reproduce critical features of peak intensity and event loading. Limitations were
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found in the simulation of strong, short-duration precipitation events from convective
precipitation events. This evaluation is an important step towards the applicability of

CPMs for hydrological and hydraulic modelling.

Specifically, there is a knowledge gap for practitioners in understanding how temporal
profiles evolve under global warming. Our analysis of temperature scaling of the
temporal precipitation profile reveals that the frequency of different profile shapes in
Germany is closely linked to temperature conditions. Specifically, we find that warmer
conditions are associated with more peaked and more front-loaded precipitation profiles,
consistent with findings from other climate zones (e.g. Visser et al., 2023; Wasko and
Sharma, 2015). This dependence of the temporal precipitation profile on temperature is
attributed to a shift from predominantly stratiform precipitation under colder conditions
to predominantly convective precipitation under warmer conditions in agreement with
Visser et al. (2023) and Ghanghas et al. (2024).

The results emphasise the importance of accurately reproducing precipitation types
in the simulations to capture the climate change signal in future projections. This
implies the need to assess the climate change signal of extreme precipitation using
high-resolution simulations that can resolve these processes. Conversely, it advises
against relying on commonly performed convection-parameterised simulations for the

detailed information required at the regional scale.

When assessing the CPM projections for extreme summer precipitation events, we
find little to no change in profile shape in future climate scenarios, probably because
these events are already largely convective in nature. For these extreme precipitation
events, the results therefore support the use of uniform climate uplifts for climate
adaptation, provided in the form of a percentage increase in the total depth of the
precipitation event to reflect the impact of climate change (Dale, 2021). However, we
anticipate that shifts in precipitation type may have a greater impact on moderate

events than on extreme events and/or in the winter half year.

The findings underscore the critical need for updated rainfall risk assessments and
engineering frameworks to address the intensification of extreme precipitation due to
climate change, particularly for short-duration events. Additionally, the results suggest
that water resource management must adapt to changes in precipitation distribution.
Assessments of the temporal event profile reveal shortcomings in frameworks that rely
on single-event design rainstorms and indicate that generally warmer conditions lead to

more peaked and front-loaded temporal precipitation event profiles.

9.3 Outlook

The work presented in this thesis serves as an initial exploration of extreme precipita-

tion in the KIT-KLIWA ensemble with a focus on the event scale to provide meaningful
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products for future resilient impact modelling. This final section of the thesis discusses
follow-up studies on the KIT-KLIWA ensemble, that were left unexplored in the thesis
and concludes with the potential transfer of the methods developed in the thesis to

future studies and using further CPM simulations.

Use of regression model

The comprehensive uncertainty analysis in Chapter 5 revealed significant spatial un-
certainties in the climate change signal of RLs across the simulation domain. Specifically,
the study was unable to identify a robust spatial pattern of the climate change signal,
with the spatial pattern of RLs being particularly uncertain for short-duration intensities.
A previous study on extreme precipitation in CPMs demonstrated that spatial patterns
of short-duration events could be more effectively resolved using a regression model
(Chan et al., 2023b). The method employed in this study is implemented through the
R package “evgam” (Youngman, 2020), which is publicly available via the R CRAN
repository. Preliminary analysis applying the regression model to the KIT-KLIWA
ensemble, using the covariates of latitude, longitude, altitude, and GWL as well as a
regional warming level, was conducted in collaboration with the UK Met Office and
the University of Newcastle. The results indicated that the regression model effectively

reduced uncertainty in the extreme value statistics.

Follow-up studies on the KIT-KLIWA ensemble should focus on assessing the change
signal derived from the regression model and comparing these results with those obtained

from the current grid-point-based method.

Follow-up studies on the established event catalogue of the CPM ensemble

In the thesis, we assessed the climate change signal in event-based precipitation
climatology in the KIT-KLIWA ensemble. Our analysis in Chapter 7 revealed unprece-
dented events across all ensemble members, highlighting critical implications for climate
adaptation, particularly in assessing the maximum precipitation expected for high-risk

applications.

Follow-up studies based on the event catalogue established in Chapter 7 should focus
on further examining these unprecedented events in detail to understand the atmospheric

conditions leading to these unprecedented events.

In Chapter 8, we attribute the shape of precipitation event profiles to the prevailing
temperature conditions. In line with the studies of Visser et al. (2023) and Ghanghas
et al. (2024), we hypothesise that the dependence of temporal precipitation profiles
on temperature is driven by shifts in precipitation type, specifically a transition from
stratiform to convective precipitation. To further strengthen this argument, a distinction
between convective and stratiform events could prove advantageous in the assessment

of the event profile characteristics. Assessing the precipitation type would add further
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complexity to the study and requires additional data such as synoptic observations,
lightning data (Molnar et al., 2015) or cloud observations (Berg and Haerter, 2013).

We derived apparent scaling rates based on event-Ti,ax, a surface parameter available
in both model and observational data at a daily resolution. Extending the analysis
to include atmospheric stability, CAPE, or precipitable water could provide a deeper
understanding of the scaling relation of the extracted temporal precipitation profiles,
similar to Prein et al. (2016).

These proposed follow-up studies are expected to improve the understanding of the
projected changes in precipitation events with global warming we have analysed in the

thesis.

Application of the event-based analysis method to further data

With the development of an event-based analysis method for CPM application, a
variety of new research topics can be pursued. First and foremost the method can be
applied to other CPM simulations with sub-hourly data to assess the robustness of the

results.

Motivated by the finding that the bias in the CPM ensemble compared to the
observation often depends on the driving GCM, with the most pronounced discrepancies
observed in the analysis of event frequency (Chapter 7), a COSMO-CLM downscaling
of the ERAS5 reanalysis dataset was performed with 5-min precipitation output. The
application of the event-based analysis method to the reanalysis downscaling in future
work will potentially help to unravel the source of the observed biases in the CPM

ensemble compared to the observations.

So far, the event-based analysis method has been evaluated for the CPM COSMO-
CLM over Germany. Extending the method to other regions and models is essential for
further validation and to explore regional patterns in frequency changes (compare to
Chapter 7) and the scaling behaviour of temporal precipitation profiles (see Chapter
8). Current efforts at the University of Newcastle are focused on applying the method
to convection-permitting 1.5 km simulations with the Met Office Unified Model at a
temporal resolution of 10 min for the UK (Chan et al., 2013). Further extension of the
evaluation of sub-hourly data in coordinated multi-model CPM simulations should be

pursued in order to systematically assess the robustness of the results.

A key implication of this work is that 5-min CPM data provide valuable input for
data-driven hydrological simulations. Tests of this integration will be pursued in the
second phase of the ISAP project, where the coupling of hydrological models with
selected precipitation events from the KIT-KLIWA simulations will be explored for the

Stuttgart region in southern Germany.

In summary, this thesis presents an initial exploration of precipitation extremes in

the novel KIT-KLIWA ensemble. The established precipitation event catalogue offers
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potential for further exploration. In addition, the developed event-based analysis method
is versatile and applicable to a wide range of datasets, providing valuable opportunities

for further research.
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Figure A.1: Major landscapes according to Ssymank (1994) in the CPM domain
of the KIT-KLIWA ensemble. The model domain with the sponge area truncated
is displayed in red. Shapefiles of the major landscapes: Bundesamt fiir Naturschutz
(BIN) (2011), digital elevation model, EarthEnv-DEM90: Robinson et al. (2014).
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A.1 Simulation setup

This section provides the parameters for the CPM simulations in the KIT-KLIWA
ensemble that were set in addition to the default in the COSMO_ DE setup (Schéttler
et al., 2013).

Parameters for the adiabatic model:

DYN: Isoil=.TRUE., 2.86, 5.74, 11.5,
itype__turb=3, itype__evsl=2, lconv=.TRUE.,
imode_turb=1, itype_ trvg=2, nincconv=10,
icldm_ turb=2, Imulti_ layer=.TRUE., itype_conv=3,
itype__tran=2, Ilmelt=.TRUE., lconv__inst=.TRUE.,
imode_ tran=1, Imelt_ var=.TRUE., lcape=.FALSE.,
itype_ wecld=2, czbot__w__so0=2.5, Isso=.FALSE.,
icldm_ tran=0, ke_soil = 9, Iseaice=.FALSE.,
itype_synd=2, czml_soil = 0.005, 0.025,
lprfcor=.FALSE., 0.07, 0.16, 0.34, 0.7, 1.42,

Parameters for the diabatic model:

PHY Itmpcor=.FALSE., Imelt=.TRUE.,
lgsp=.TRUE., Inonloc=.FALSE., lmelt_ var=.TRUE.,
ldiniprec=.FALSE., lepfluc=.FALSE., czbot__w__s0=2.5,
itype_ gscp=4, itype_turb=3, ke_soil = 9,

Irad=.TRUE., imode_ turb=1, czml_soil = 0.005, 0.025,
nradcoarse=2, icldm_ turb=2, 0.07, 0.16, 0.34, 0.7, 1.42,
Iradf avg=.TRUE., itype_tran=2, 2.86, 5.74, 11.5,
hincrad=0.25, imode_ tran=1, lconv=TRUE.,
lforest=.TRUE., itype_wcld=2, nincconv=10,

ico2_rad=10, icldm_ tran=0, itype__conv=3,

icldm_ rad=4, itype_synd=2, lconv__inst=.TRUE.,
ltur=.TRUE., Iprfcor=.FALSE., lcape=.FALSE.,
limpltkediff=."TRUE., Isoil=.TRUE., Isso=.FALSE.,

ninctura=1, itype__evsl=2, Iseaice=.FALSE.,
ltkesso=.TRUE., itype__trvg=2,

lexpcor=.FALSE., Imulti_ layer=.TRUE.,

Parameters for the model run:

RUNCTL Ireorder=.FALSE., ncomm__type=3,
dt=25.0, Ireproduce=.TRUE., Itime_ barrier=.FALSE.,
itype_ timing=4, ldatatypes=.FALSE., luseobs=.FALSE.,
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luse_rttov=.FALSE.,

ldump_ ascii=.FALSE.,

hincmxt=24.0,

hincmxu=1.0,

ldiagnos=.TRUE.,
ldebug_io=.FALSE.,
idbg_ level=2,

nboundlines=3,

Parameters for tuning dynamics and physics:

TUNING
clc_diag = 0.5,
pat__len= 500.0,
tur_ len= 150.0,
rlam_ heat = 1.0,
rlam__mom = 0.0,
rat lam = 1.0,

rat_can = 1.0,

rat_sea = 20.0,

c¢_Ind = 2.0,
c_soil = 1.0,
c_sea = 1.5,
z0m_ dia = 0.2,
crsmin = 150.0,
qc0 = 0.0002,
qi0 = 0.0,

linit_ fields=.FALSE.,
lartif data=.FALSE.

q_crit = 1.600,
wichfakt = 0.00,
mu_ rain = 0.5,
vOsnow = 20.0,
rain_n0_ factor=0.1,
tkhmin = 0.4,
tkmmin = 0.4
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Figure B.1: Density distribution of fractional contributions of hourly precipitation
from station measurements and the results in the according cells of the simulation
output of 2.8 km, 7km, and the 2.8 km resolution interpolated to the 7km grid. The
bin width for both panels is 0.1 mm for the intensity range from 0 to 1 mm aligned
with the resolution of the station measurement. Bin width is 0.5 mm for the intensity
range from 1 to 10 mm and 5mm for the intensity range from 10 to 100 mm.

152



Appendix

-1
10 7km ERA40
2.8km ERA40
HYRAS
1072
[=4
S
51073
2
T
c
o
o
= 1074
c
s
©
g \
w 10—5
i
7
" Z
10 z
10-1 10° 10! 102

Intensity in mm

(a) Fractional contribution of HYRAS com-
pared to the downscaled ERA40 results in 7 km

and 2.8 km.

0.003

0.002

0.001

0.000

A Fractional contribution

—0.001

—0.002

~——— 2.8km ERA40
—— 7km ERA40

107t

10° 10! 102

Intensity in mm

(c) Difference of fractional contribution of the
downscaled ERA40 results in 7km and 2.8 km

to HYRAS.

A Fractional contribution

0.003

0.002

0.001

0.000

—0.001

—0.002

Mg

7km MPI-ESM-LR
2.8km MPI-ESM-LR
2.8km EC-EARTH
2.8km CNRM-CM5
2.8km HadGEM2-ES

o

11

10° 10* 102

Intensity in mm

107!

(b) Fractional contribution of HYRAS com-
pared to the CPM ensemble median in the
historical period in 7km and 2.8 km.
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Figure B.2: Fractional contribution of daily rainfall from HYRAS dataset and the
simulation results from the historical period both for 1971-2005. The bin width is
0.1 mm, in agreement with the resolution of HYRAS.
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ensemble members (a) MPI-ESM-LR-C, (b) EC-EARTH-C, (¢) CNRM-CM5-C, (d)
HadGEM2-ES-C.
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Table B.1: Relative difference between KOSTRA and CPM simulations in percent for different RP-ED combinations for the four ensemble members.

ED in h ED in h
MPI-ESM-LR-C [ 1 2 3 4 6 9 12 24 48 72| CNRM-CM5C |1 2 3 4 6 9 12 24 48 72
RPina 100 |-5 6 8 11 12 16 19 27 24 23| RPina 100 |12 25 27 29 30 34 37 47 47 46
50 -4 6 9 11 12 17 20 27 24 23 50 | 13 26 28 30 30 34 37 46 46 44
30(-3 7 9 12 13 17 20 27 23 22 3014 26 28 30 31 35 37 46 45 43
20 -3 7 10 12 13 17 20 27 23 22 20 | 14 27 28 30 31 34 37 45 44 42
10(-2 8 11 13 14 18 20 26 23 21 1016 28 29 31 31 34 37 44 42 39
5,0 10 12 14 15 19 21 26 22 20 5|18 29 30 32 32 35 36 42 40 37
3,1 11 13 15 16 19 22 26 22 19 3120 30 31 33 32 35 37 41 38 34
23 12 14 16 17 20 22 26 21 18 222 31 32 34 33 35 36 40 36 32
1|8 15 17 18 18 21 23 24 18 15 1127 35 35 35 34 35 36 37 30 25
EC-EARTH-C |1 2 3 4 6 9 12 24 48 72| HadGEM2ES-C|1 2 3 4 6 9 12 24 48 72
RPina 100|-7 2 3 4 3 6 8 16 15 14| RPina 100/ 2 11 10 10 7 8 8 12 9 8
50-7 2 3 4 4 6 8 16 15 14 503 11 10 10 7 8 8 11 9 7
306 3 3 5 4 7 8 16 14 13 3003 12 11 10 7 8 8 11 8 7
206 3 4 5 4 7 9 16 14 13 2003 12 11 10 7 8 8 11 8 6
105 4 4 5 5 7 9 15 13 12 104 12 11 10 7 8 8 10 7 5
5/-3 5 5 7 6 8 10 15 12 10 505 13 11 11 7 7 7 9 6 4
312 6 7 8 7 9 11 15 12 9 3/6 13 11 10 7 7 7 8 5 3
210 7 7 9 8 10 11 15 11 8 208 13 11 11 7 7 7 8 4 1
113 9 9 10 9 11 12 14 9 5 1/10 13 11 10 6 5 5 5 0 -2
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Figure B.4: The absolute differences in RLs for all analysed RPs and EDs are shown
for the four ensemble members separately — top left: MPI-ESM-LR-C, top right:
CNRM-CM5-C, bottom left: EC-EARTH-C, bottom right: HadGEM2-ES-C.
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Table B.2: The relative CF of RL with global warming in percent for different RP-ED combinations for the four ensemble members.

EDin h ED in h
MPI-ESM-LR-C 1 6 12 24 72 CNRM-CM5-C 1 6 12 24 72

RP ina 100 59 57 49 33 08| RPina 100 69 81 74 6.5 6.8

50 58 55 48 32 08 50 69 80 72 64 6.7
30 5.7 54 46 32 08 30 69 79 71 63 6.6
20 5.7 54 45 31 09 20 69 78 70 6.2 6.5
15 56 53 44 31 09 15 69 77 69 61 6.5
10 55 51 42 3.0 09 10 69 75 68 6.0 6.3
5 54 48 39 28 1.0 5 69 72 65 5.7 6.1
3 52 45 35 26 11 3 6.8 69 62 54 57
2 5.1 41 31 24 1.2 2 6.8 66 58 51 5.3
1 4.7 32 24 22 16 1 6.8 58 49 44 46

EDin h ED in h
EC-EARTH-C 1 6 12 24 72 || HadGEM2-ES-C 1 6 12 24 72

RPina 100 85 84 64 38 23| RPina 100 6.1 57 5 41 43

50 84 83 63 39 23 50 6.1 57 5.0 41 43
30 84 81 62 39 24 30 6.0 56 49 42 44
20 83 80 6.1 39 25 20 6.0 56 49 42 44
15 82 79 6 39 25 15 59 55 49 42 44
10 82 7.7 59 39 26 10 5.9 55 48 42 45
5 8.0 74 57 40 238 5 5.8 54 48 42 46
3 78 70 54 40 3.0 3 5.7 5.2 47 42 47
2 77 6.7 53 41 32 2 5.7 51 46 42 48
1 73 60 49 42 35 1 55 4.8 45 43 51
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Figure C.1: Data availability of the observational data in the event catalogue used
in Chapter 6. (a) and (b) show the data availability for the stations, (c) and (d) for
the radar data at station locations.
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Figure C.2: Spatial distribution of the inter-arrival time in the CPM ensemble
members: a) EC-EARTH-C, b) HadGEM2-ES-C, ¢) MPI-ESM-LR-C.
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Figure C.4: The difference in event occurrence in the radar and station data is shown
in the first row for (a) the radar at the station locations, (b) the radar interpolated to
the model grid. In the second row, the normalised differences are shown for (c) the
radar at the station locations, (d) the radar interpolated to the model grid. For the
normalization, the mean annual event occurrence is scaled to 100 % and the differences
are displayed in percentage points.
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Evaluation Imean

Table D.1: Thresholds of p90 of Imean in mm in the different event datasets.

Dataset >1h 1-3h 3-12h  12-24h
Stations 3.442 10.034 2.791 1.550
Radar station location 3.535 8.523  2.793 1.608
Radar model grid 3.364 7.816 2.749 1.579
EC-EARTH-C 2.626 10.758 2.748 1.459
HadGEM2-ES-C 2.890 13.200 2.974 1.303
MPI-ESM-LR-C 2.447 10.474 2.685 1.467

Table D.2: Thresholds of p99 of Imean in mm in the different event datasets.

Dataset >1h 1-3h 3-12h  12-24h
Stations 10.641 21.498 6.592 2.934
Radar station location 9.355  17.390 6.056 2.891
Radar model grid 8.424  15.533 5.780 2.826
EC-EARTH-C 9.131  21.699 6.670 2.955
HadGEM2-ES-C 11.834 25.862 7.876 2.775
MPI-ESM-LR-C 8.333  22.048 6.550 3.011
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Figure D.1: Change signal in total monthly precipitation relative to 1850-1900
in Western and Central Europe. The data is based on 33 CMIP6 simulations with
the emission scenarios SSP5-8.5. Green indicates an increase in total precipitation,
brown a decrease (QIPCC Working Group I (WGI): Sixth Assessment Report, IPCC
WGI Interactive Atlas, URL: https://interactive-atlas.ipcc.ch/, last access
November 2024).
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Figure D.2: Data availability of the observational data in the event catalogue used
in Chapter 7. (a) and (b) show the data availability for the stations, (c) and (d) for
the radar data at station locations.
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Imean in mm/h
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Figure D.3: The bias of the frequency distribution of events in the simulation
compared to radar data (ensemble - radar) of events per year and grid point analogously
to Fig. 7.3. The bin size is 1h for the duration and increases exponentially by an
increment of x10%%% for Imean. The hatched area marks where no events are possible
by the event definition.
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D.1 Seasonality in the ensemble and significance

The significance of the climate change signal in the frequency of precipitation events

is assessed by testing the null hypothesis that the slope of the linear regression to

annual event occurrences is zero (Fig. D.5). The calculation is performed using the

function stats.linregress from the Python package scipy. The method applies a Wald

Test with a t-distribution for the test statistic. Statistical significance is evaluated at a

0.05 significance level.
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Figure D.4: The bar plots show the number of events in each respective month per
year and station, derived from the station measurements, for all events (first column),
short duration events (1-3h, second column), medium duration events (3-12h, third
column), and long duration events (12-24h, fourth column). The first row shows
the distribution for events of all intensities, the second (third) row shows events of
Imean>p90 (Imean>p99). Line plots show the equivalent results for the radar dataset
(2003-2022) and the CPM ensemble in the historical period (1971-2000).
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Figure D.5: Climate change signal of the frequency of precipitation events for all
events in the first row, events above p90(Imean) in the second row, and events above
p99(Imean) in the third row. Columns refer to the event durations: (a, e, i) events
duration >1h, (b, f, j) event duration of 1h - 3h, (c, g, k) duration of 3h - 12h, and
(d, h, 1) 12h - 24 h. Line plots show the results from the single ensemble members.
Filled markers indicate a significant change signal, empty markers indicate the months
without significant change (See Section D.1 for further information). The bar plots
show the ensemble mean.
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Figure E.1: Data availability of the observational data in the event catalogue used
in Chapter 8. (a) and (b) show the data availability for the stations, (c) and (d) for
the radar data at station locations.
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Table E.1: Thresholds of Imean in mm for heavy-10% events in the observational

datasets and the historical model simulations (1971-2000).

Dataset 1-24h 1-3h 3-12h  12-24h
Stations 5.155 10.504 3.423 1.917
Radar station location 4.799 9.078 3.336 1.914
Radar model grid 4.461 8.261  3.225 1.842
EC-EARTH-C 4.048 11.069 3.218 1.781
HadGEM2-ES-C 5.668 13.468 3.764 1.725
MPI-ESM-LR-C 3.896 10.853 3.243 1.807

Table E.2: Thresholds of Imean in mm for heavy-1% events in the observational

datasets and the historical model simulations (1971-2000).

Dataset 1-24h 1-3h 3-12h  12-24h
Stations 13.748 22.831 7.969 3.475
Radar station location 11.507 18.344 7.059 3.323
Radar model grid 10.213 16.283 6.561  3.169
EC-EARTH-C 12.186 22.042 7.598 3.470
HadGEM2-ES-C 16.618 26.126 9.24 3.611
MPI-ESM-LR-C 11.661 22.484 7.652 3.654

Table E.3: Thresholds of Imean in mm for heavy-10% events in the CPM projections.

Dataset time slice 1-24h 1-3h 3-12h  12-24h
EC-EARTH-C 2001-2020 4.303 11.225 3.366 1.816
2051-2070 4.887 12.895 3.737 1.890
HadGEM2-ES-C  2001-2020 6.028 13.672 4.133 1.892
2051-2070 6.792 14.65  4.562 2.078
MPI-ESM-LR-C 2001-2020 4.000 10.875 3.349 1.846
2011-2030 3.915 10.972 3.316 1.818
2021-2040 3.996 11.561 3.421 1.822
2031-2050 4.063 11.64 3.528 1.9
2041-2060 4.249 11.877 3.668 1.931
2051-2070 4.661 12.671 3.917 1.953
2061-2080 4.549 12.864 3.783 1.947
2071-2090 4.462 12.784 3.734 1.98
2081-2100 4.593 13.038 3.906 2.06
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Table E.4: Thresholds of Imean in mm for heavy-1% events in the CPM projections.

Dataset time slice 1-24h 1-3h 3-12h  12-24h
EC-EARTH-C 2001-2020 12.764 23.182 8.003  3.637
2051-2070 15.137 26.576 9.447  3.937
HadGEM2-ES-C  2001-2020 17.223 26.576 9.836  3.966
2051-2070 19.031 28.668 11.249 4.712
MPI-ESM-LR-C 2001-2020 11.778 22.83 8.101 3.736
2011-2030 11.754 23.274 8.036  3.702
2021-2040 12.309 24.335 8.482  3.766
2031-2050 12.439 24.993 8.747  3.922
2041-2060 12.933 25.633 9.074  4.049
2051-2070 14.281 27.258 9.657  4.155
2061-2080 14.478 27.634 9.673  4.186
2071-2090 14.214 27.354 9.509  4.425
2081-2100 14.46  28.683 9.874  4.476
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E.1 Evaluation of the scaling temperature variable

The apparent scaling of precipitation is generally related to an “event-associated”
temperature, though different approaches exist for determining this temperature. Surface
air temperature is commonly used as a practical proxy for atmospheric moisture capacity
(Berg et al., 2009). Early studies of the apparent scaling of extreme precipitation often
employed daily mean temperature, Tmean (Lenderink and Van Meijgaard, 2008; Berg
et al., 2009, 2013). Similarly, Wasko and Sharma (2015) used 24 h mean centred to the
start of the event. However, as discussed in Visser et al. (2020), the event-associated
temperature should not include the cooling effect of the rainfall event itself. To avoid

this, they suggested averaging the temperature over the 24 h preceding the event.

Further approaches use a temperature from a specific period before the event but
often focus on dew point temperature rather than air temperature to include the effects
of moisture availability. For example, Lenderink et al. (2011) used the 2m dew point
temperature from 4 h before the event, while Da Silva and Haerter (2024) examined the
maximum dew point temperature within the 3h window before the event. The daily
maximum temperature on the day of the event (event-Ti,,x) was previously tested by
Berg et al. (2013) and Lenderink and Van Meijgaard (2008) in supporting materials and

was found to provide results comparable to those based on daily mean temperature.

We here present an evaluation of the different approaches for one example simulation
year, the year 1971 in the simulation driven by MPI-ESM-LR. We here compare event-
Tiax to traditional methods using Tmean (e.g. Lenderink and Van Meijgaard, 2008;
Berg et al., 2009, 2013, Fig. E.2a), the mean temperature over the 24 hours preceding
the event (Visser et al., 2020, Fig. E.2b), and an approach similar to a recent study in
Da Silva and Haerter (2024) — even though on dew point temperature of the maximum
temperature 3h before the event (Fig. E.2c). As expected, Tmean is consistently lower
than event-Ti .. Similar deviations are found for the mean deviation when applying
the 24 h averaged temperature before the event. The closest agreement with event-T1,,x

is achieved using the method analogous to (Da Silva and Haerter, 2024), adapted for air
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Figure E.2: Comparison of event-T},,x with alternative event-associated temperatures:
(a) Tmean of the day of the event, (b) Tmean averaged temperature before the event,
(¢) maximum temperature within the 3h period prior to the event, (d) temperature
1h after the event start. The analysis is for heavy-10% events in MPI-ESM-LR-C in

the year 1971.
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temperature, which extracts the maximum temperature within the 3h period prior to

the event.

To assess the impact of cooling of the temperature during the event itself, we compared
event-Tiax with the temperature observed within the event (Fig. E.2d). The temperature
in the event decreases and is generally lower than event-T} .. The deviations are similar

to the comparison of event-T,,x and Tmean.

In conclusion, event-Tpax, in contrast to daily mean temperature, better represents
the high temperatures typically observed before precipitation events and yields results
similar to those obtained using the maximum temperature from the 3 h window prior to
the event. A key advantage of using event-Ti,.x is that it does not rely on sub-daily
data, which is largely unavailable for gridded observations in Germany. A limitation of
this approach is that it does not per definition ensure that the temperature is sampled
before the event, particularly if the event starts in the morning. However, as shown in

Fig. E.2¢, this is generally not an issue for summer precipitation events.

In essence, we chose event-T .« as the covariate for the analysis in Chapter 8, as it
effectively captures precipitation variability while minimizing the impact of the cooling

effect from the rainfall itself and is available in daily datasets.

E.2 Sensitivity to of apparent scaling rates to temperature

range and outliers

Although assessing scaling rates has become a common practice for investigating the
relationship between precipitation and temperature, there remains no consensus on the
exact methodology for deriving these rates. Scaling rates are known to be sensitive to
the choice of data, as well as to statistical assumptions and methods applied (Ali et al.,
2022).

In this section, we present the preliminary sensitivity analysis of the assessment of
apparent scaling rates in Chapter 8, with a focus on (1) the selection of temperature

range (2) the impact of sampling uncertainty.

The sensitivity of scaling rates to the temperature ranges for assessment

The sensitivity analysis of the temperature range for the apparent scaling is illustrated
using the variable Imax in the event dataset derived from station observations (Fig. E.3).
The example shows a positive scaling of the 90th percentile of Imax with event-T ..
Scaling appears to follow an exponential relationship, represented by a linear increase in
the logarithmic plot (Fig. E.3a), for temperatures between 5 and 25 °C, beyond which
the curve flattens. The flattening of the apparent scaling curve with increasing air

temperature is typically attributed to limited moisture availability (e.g., Ali et al., 2022).

170



Appendix

0.1%
1.0%
2.0%
5.0%
10.0%

intensity_max in mm
-
o
2
L
Scaling rate in %/°C
~ © o
) !

o
L

w
L

10°

0 5 10 15 20 25 30 35
tasmax in °C \,ﬂ/ ~ s

%
% 1
2

%

Event duration

Figure E.3: Apparent scaling of p90 of Imax in the station observations.

Moreover, flattening of the scaling curve has also been observed to result from a residual

effect of pooling data from different locations (Visser et al., 2021).

The scaling rate is estimated with an exponential regression to the scaling curve
(Details are in Chapter 8). The lower slope at both low and especially high temperatures
indicates that the fit is sensitive to the chosen temperature range. In Fig. E.3b, we
examine results using different temperature cut-offs ranging from 0.1% to 10%. The
pattern observed is that higher cut-off leads to higher scaling rates, as the sampling
primarily reflects the steepest increase in the central part of the temperature distribution.
Similar analyses were conducted for other parameters and event subsets (not shown

here) and yielded consistent results.

Further investigation of the scaling with dew point temperature revealed that the
flattening at high temperatures is reduced compared to the scaling using event-Tiax.
Nonetheless, the scaling rate still depends similarly on the choice of temperature cut-off

thresholds, with higher cut-off generally leading to higher scaling rates.

In conclusion, the sensitivity analysis shows that the scaling rate is highly dependent
on the temperature range considered, particularly when the quantity does not follow
an exponential pattern. To mitigate the influence of extreme cases that do not follow
exponential scaling, we apply a cut-off of 5% for both the lower and upper temperature
boundaries. The approach is similar to the applied procedure in Ali et al. (2022). To
still account for this sensitivity in the scaling rate output, we not only provide the
scaling rates in Chapter 8 but also always provide the figures showing the scaling curves

over temperature.

Uncertainty in the estimated scaling rates

To estimate the variance due to sampling uncertainty, a bootstrapping approach
with 100 realisations was applied. The largest variance is anticipated for samples with
small sample sizes, which is in our analysis the case for the dataset derived from station
observations. Thus, Fig. E.4 illustrates this effect for the station dataset, focusing on

Imax.
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Figure E.4: (a) Scaling relation of p90 of Imax over event-Ti,.x in the station data
with 100 bootstraps. (b) Scaling rates derived from (a), with orange dots showing the
results without bootstrapping. (c) Scaling rates derived from the analogous approach

as for the station data in (b), but for EC-EARTH-C in the historical period (1971-
2000).

The assessment of Imax reveals an interquartile range up to approximately 0.5 %/°C.
The uncertainty is highest for shorter events, which is also associated with the smallest
data availability for this duration category (Fig. E.4b). The same assessment in the
simulation data showed, that due to large data availability in the pooled gridded data,

here no significant deviation is expected from the bootstrapping (Fig. E.4c).

In conclusion, the highest uncertainties are expected in the station data and radar data
at station locations, where data availability is low. The expected range of uncertainty
remains smaller than the observed patterns targeted for different durations. Due to
the large sample size in the gridded model data, there is only minimal uncertainty due
to the sampling expected and no additional benefit from a bootstrapping approach is

anticipated.
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Figure E.5: Apparent scaling with event-TD,,,, in observation and historical CPM
simulation of p50 and p90 for (a-d) I1h, (e-h) Imean. Columns refer to the different
duration categories: 1-24h (1st column), 1-3h (2nd column), 3-12h (3rd column),
12-24h (4th column). Grey shading indicates the frequency in the simulation ensemble,
diagonal lines indicate CC-scaling with a slope of 7%/°C. Thick lines show the scaling
relation with a cut-off of 5%, and thin lines with a cut-off of 1%. Apparent scaling
rates are always calculated with 5% cut-off.
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Figure E.7: Projected apparent scaling of Imax in the reference (1971-2000) and
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that time slice.
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Figure E.15: Slope of the linear regression of Imax/I1hx100% in %/(°C GWL) for
(a) all events, (b) heavy-10% events, and (c) heavy-1% events.
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