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Abstract

Extreme precipitation is one of the main meteorological hazards in Central Europe
that causes high numbers of casualties and financial losses. Therefore, the inter-
play of intensity and frequency of heavy precipitation events is of importance when
building safety structures like dikes and flood control mechanisms as well as hy-
drological infrastructure such as sewerage systems. Additionally, the variations of
those precipitation characteristics due to climate change are an important subject
of investigation.

In this thesis, a statistical model is used to find a relation between intensity and
frequency. Therefore, we model the distribution of block maxima. To do so, we use
the method of Extreme Value Statistics (EVS). Since extreme precipitation events
occur over different durations and have varying consequences, we use a duration-
dependent formulation for the distribution parameters. This procedure prevents
inconsistencies such as quantile crossing. Including different durations in the model
has two further advantages: (1) With the duration-dependent model, we are able to
estimate return periods and associated return levels for different durations. (2) Data
is now used more efficiently because high-temporal-resolution data can be aggregated
to provide information on different durations which would not be available otherwise.
This increases the amount of usable data. An efficient use of data is crucial in
modeling extreme events since data is by definition rare. An important tool to
analyze the main characteristics of extreme precipitation, are Intensity-Duration-
Frequency (IDF) curves. They describe the relation between quantile (intensity),
time scale (duration) and probability (frequency) of heavy precipitation events and
provide a concise visual representation of these characteristics. A variety of methods
can be used to estimate the statistics that define IDF curves and so, their shape and
potential for a meaningful estimation depends strongly on the choice of method. In
this thesis, a new and more flexible approach is presented that enables the model
to capture effects resulting from seasonality of precipitation, although only annual
maxima are required as input data. The flexible model comprises different features
that control a duration offset, multiscaling and an intensity offset. According to our
findings, incorporating multiscaling or a duration offset in the model is beneficial
only for very short or long durations. Moreover, implementing an intensity offset in
the model results in an overall improvement for the medium duration range of one
hour to one day.

In most studies about statistics of extreme precipitation, potential changes of the
climate system are neglected. However, extreme precipitation shows inter-annual
changes and should be modeled accordingly. In this thesis, large-scale parameters
are included in the statistical model as covariates for the distribution parameters.
This approach further enables the estimation of extreme precipitation in different
large-scale settings and adds another dimension to the intensity-duration-frequency
relationship. The results indicate that the probability of severe precipitation has
been increasing since 1950 in every season. The occurrence of extreme precipitation
is strongly linked with atmospheric blocking situations during summer and tem-
perature during winter, resulting in higher probabilities of extremes with a fixed
intensity.




Zusammenfassung

Extremniederschlage sind eine der grofiten meteorologischen Gefahren in Mittel-
europa, die hohe Opferzahlen und finanzielle Verluste verursachen. Daher ist das
Zusammenspiel von Intensitat und Haufigkeit von Starkniederschlagsereignissen von
Bedeutung fiir den Bau von Sicherheitsstrukturen wie Deichen und Hochwasser-
schutzeinrichtungen sowie von hydrologischer Infrastruktur wie Kanalisationen.
Dartiber hinaus sind die Veranderungen dieser Niederschlagseigenschaften aufgrund
des Klimawandels ein wichtiger Untersuchungsgegenstand.

In dieser Arbeit wird ein statistisches Modell verwendet, um einen Zusammen-
hang zwischen Intensitdt und Haufigkeit herzustellen. Dazu modellieren wir die
Verteilung von Blockmaxima und nutzen die Methode der Extremwertstatistik. Da
Extremniederschlage tiber verschiedene Zeitraume auftreten und entsprechend un-
terschiedliche Auswirkungen haben, verwenden wir eine dauerstufenabhangige For-
mulierung fiir die Verteilungsparameter. Dieses Vorgehen verhindert Inkonsisten-
zen wie Quantilkreuzungen. Die Einbeziehung unterschiedlicher Dauerstufen in das
Modell hat zwei weitere Vorteile: (1) Mit dem dauerabhingigen Modell sind wir in
der Lage, Wiederkehrperioden fiir unterschiedliche Dauerstufen zu schétzen. (2) Da
wir Blockmaxima verwenden, werden die Daten nun effizienter genutzt, weil Daten
mit hoher zeitlicher Auflosung aggregiert werden konnen, um Informationen tiber
verschiedene Dauerstufen zu liefern, die sonst nicht verfiighar waren. Ein wichtiges
Instrument zur Beschreibung der Hauptmerkmale von Extremniederschlagen sind
Intensitats-Dauer-Haufigkeits (IDF)-Kurven. Sie beschreiben die Beziehung zwis-
chen Quantil (Intensitét), Zeitskala (Dauer) und Wahrscheinlichkeit (Haufigkeit)
von Starkniederschlagsereignissen und bieten eine pragnante visuelle Darstellung
dieser Beziehung. Zur Schétzung von IDF-Kurven wird in dieser Arbeit ein neuer
und flexiblerer Ansatz vorgestellt, der es dem Modell ermoglicht, Effekte zu erfassen,
die sich aus der Saisonalitat des Niederschlags ergeben, obwohl nur die jahrlichen
Hochstwerte als Eingangsdaten bendtigt werden. Das flexible Modell umfasst ver-
schiedene Funktionen, die einen Dauerstufen-Offset, Multiskalierung und einen In-
tensitats-Offset steuern. Unseren Ergebnissen zufolge ist die Einbeziehung von Mul-
tiskalierung oder eines Dauerstufen-Offsets in das Modell nur bei sehr kurzen oder
langen Dauerstufen von Vorteil. Dartiber hinaus fiihrt der Einbau eines Intensitéts-
Offsets in das Modell zu einer allgemeinen Verbesserung fiir den mittleren Dauer-
bereich von einer Stunde bis zu einem Tag.

In den meisten Studien tiber die Statistik extremer Niederschlage werden mdogliche
Anderungen des Klimasystems vernachlissigt. Extremniederschlige zeigen jedoch
Veranderungen iiber die Jahre und diese sollten entsprechend modelliert werden. In
dieser Arbeit werden grofiraumige Parameter als Kovariaten fiir die Verteilungspa-
rameter in das statistische Modell einbezogen. Dieser Ansatz ermoglicht die Ab-
schatzung extremer Niederschldge in verschiedenen groffiraumigen Umgebungen und
fiigt der Intensitats-Dauer-Haufigkeits-Beziehung eine weitere Dimension hinzu. Die
Ergebnisse zeigen, dass die Wahrscheinlichkeit von Starkniederschlagen seit 1950 in
jeder Jahreszeit zugenommen hat. Das Auftreten von Extremniederschlagen ist
stark mit Blockierungssituationen im Sommer und hohen Temperaturen im Winter
verbunden, was zu hoheren Wahrscheinlichkeiten fiir Extreme mit einer vorgegebe-
nen Intensitat fithrt.
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Chapter 1

Introduction

1.1 Motivation for Statistical Modeling of
Extreme Precipitation

Extreme precipitation events have signi cant impacts on society, resulting in both
loss of life and substantial nancial losses. Heavy precipitation events in Germany
in 2021 (North Rhine-Westphalia and Rhineland-Palatinate), 2016 (Bavaria and
Baden-Wdrttemberg), 2013 (Saxony and Saxony-Anhalt) and 2002 (Saxony) led us
to ask ourselves how often such extreme precipitation events are to be expected and
whether their probability increases. In order to e ectively address these challenges,
it is crucial to nd out about the nature of these extremes and investigate the
interplay of their intensity and frequency of occurrence.

Extreme precipitation plays an important role in numerous areas, not least in private
situations and public services as well as for hydrological authorities. In urban areas,
large parts are sealed and rain water runo has to be planned carefully, sewerage
systems may collapse when their capacity is exceeded [Haag, 2001, Boguslawski
et al., 2022]. In another example, water authorities rely on information about how
much water has to be stored in water reservoirs and when water locks need to
be opened. This procedure can prevent or reduce damage of ooding caused by
heavy precipitation [Wupperverband, 2021]. Another important aspect of extreme
precipitation are dikes which protect areas from ooding. Dikes need to be prepared
and frequently checked for signs of failure due to weathering and erosion [lles and
Nagy, 2022] since enormous forces are applied through precipitation over a long
time. Additionally, society is directly impacted by crop failure that is caused by
extreme precipitation. Extreme precipitation leads to reduced harvest rates, as in
the US in 2019 [Li et al., 2019] and e ects are higher in certain seasons, as shown
in results for Europe by Peltonen-Sainio et al. [2010].

All those impacts of heavy precipitation are taking place on di erent time scales.
Urban oodings are often caused by short convective rain events which last only
minutes to hours. Sewerage systems are not prepared for these high runo rates
and water accumulates on the surface. On the other hand, the management of
water reservoirs is much more related to extreme precipitation over longer time
scales from days to weeks. Temporal and spatial scales are connected and so, over



this time, enough water accumulates in a larger region which in uences the water
levels of lakes. Those long-scale precipitation events are usually caused by stratiform
precipitation. Otherwise, the impact of heavy precipitation on crop harvest yield

is in uenced by di erent temporal scales of precipitation since plants might show
sensitivity to short-scale over-watering during certain growing stages but also su er
from medium-scale oodings.

Floodings can be consequences of extreme precipitation, but this is not always the
case. In general, we distinguish between four types of ood [Zurich-Insurance, 2001].
(1) Fluvial oods occur when river water extends the river's boundaries due to ex-
cessive rain or other additional water sources upstream. Therefore, uvial oods
are most abundant near rivers. (2) Pluvial oods on the other hand are so-called
surface-water oodswhere the causing e ect can have a high spatial distance. They
can occur when no sink is available and large shares of the ground are sealed, pre-
dominantly in urban areas. Both uvial and pluvial oods are mainly caused by
long-lasting precipitation. Two further types of oods are (3) ash oods, caused
by intense rainfall in a short time and (4) coastal oods which are mainly caused
by storms and strong winds in lower and middle altitude, forcing the water from
the sea towards the shore. In this thesis, we do not analyze oods in particular,
however some of the methods can be applied to water runo and oods instead of
precipitation intensities, as well. Still, the impact of heavy precipitation and oods
are highly connected and both phenomena need to be acknowledged when talking
about hydrological extremes.

1.2 State of the Art

Much e ort has been put into the analysis of extreme precipitation and is docu-
mented in the literature. This topic includes, but is not bound by, the basic idea
on how to describe extreme intensities that might have rarely or never been ob-
served, the di erent methods of creating a statistical model and the results, that
help evaluating the extremeness of certain events and that are needed for planing
infrastructure or housing. The main milestones of this process are presented in this
thesis in Chs. 2.5 and 2.6 together with the methodology that has been used here.
The current chapter will brie y summarize how some other studies analyzed the
change in characteristics of extreme precipitation.

In order to analyze and quantify extreme precipitation, a clear terminology is impor-
tant. One possible description of extreme precipitation events is the following: The
amount of precipitation per area in a given time, e.g., using the unitm? per hour,

is measured. We refer to this precipitation amount with the term intensity. These
intensities can be characterized by their probabilitype of being exceeded. This pair
of intensity q and associated probabilityp. is a quantile - probability - pair, denoted
asg,. Sometimes, exceedance probabilitigs are denoted as averageeturn periods

r = 1=p.. More details on the advantages and disadvantages of this term are high-
lighted in Cha. 2.2. Describing the relationship between these two characteristics is
one of the main objectives of Extreme Value Statistics (EVS) with a detailed ex-
planation in Cha. 2.3. Additionally, this relationship can be evaluated for di erent
durations d over which precipitation amounts are accumulated, earlier phrased as
time scale of the event. A functional dependence of the quantile-probability pairs
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on duration can be assumed. The concept that connects these three characteristics
of extreme precipitation arelntensity-Duration-Frequency (IDF) relations.

Being able to describe the relationship between intensity and exceedance probability,
a new challenge arises since climate is known to change and precipitation might
be in uenced by this large-scale e ect. The changing properties of precipitation
extremes are well-supported by the ndings of the sixth IPCC assessment report
(ARG6) by Seneviratne et al. [2021b]. An analysis of measurement stations across
Europe from 1950 to 2018 reveals a signi cant increase of extreme precipitation
levels for xed probabilities over both 1-day and 5-day durations. However, it is
important to note that changes in extreme precipitation levels can vary in terms
of sign and magnitude across di erent seasons or regions [Arnbjerg-Nielsen, 2012,
Chiew et al., 2009, Croitoru et al., 2013, Fischer et al., 2015]. For instance, while a
decrease in the 5-day maximum precipitation (RX5day) by the year 2100 is reported
in a 2°C warming scenario during summer [lturbide et al., 2021, Guterrez et al.,
2021], an increase in RX5day is observed in other seasons. These ndings underscore
the heterogeneity of changes in extreme precipitation levels and emphasize that the
inter-annual change needs to be considered by taking time and other large-scale
variables into account [Schlef et al., 2023, Rootzn and Katz, 2013].

Chiew et al. [2009] simulated the impact of climate change on precipitation runo
by evaluating future climate projections. In Australia, they nd less mean runo

in the future with high uncertainty in sign and magnitude as well as an increase in
extreme precipitation levels [Mpelasoka and Chiew, 2009], however their de nition
of extremeis an event that happens on average once in 100 days (return period),
which is much shorter than the average return periods that are considered in this
thesis (years to several decades).

Another analysis has been conducted by Arnbjerg-Nielsen [2012] who compared
three di erent approaches of extreme precipitation modeling by evaluating histori-
cal rain series. Then, areas were identi ed that show a climate similar to a projected
future climate in other areas. For xed return periods, they found increases in in-
tensities within 100 years into the future by about 10-50% with a strong dependence
on return period and time scale of the event.

Global annual maximum precipitation observations have non-zero trends within the
last 100 years [Westra et al., 2013]. Not only show almost two thirds of the stations
an increase in extreme precipitation levels but there is also a statistical link be-
tween extreme precipitation levels and globally averaged temperature (about 6.8%
K 1) which was found by building a statistical model. This is compatible with the
Clausius-Clapeyron (CC) equation that explains the capability of warmer air to hold
more water vapor.

But also double-CC scaling was found for extreme precipitation [Lenderink et al.,
2017], with extremes occurring twice as often as expected from the CC relation.
Near-surface humidity is identi ed as an in uential large-scale factor to convective
activity, while humidity at higher levels shows no signi cant contribution to the
double-CC scaling.

Large-scale factors, such as time as a proxy for climate change and various tele-
connection patterns, have been incorporated into statistical IDF models by Ouarda
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et al. [2019]. This allowed them to derive statistics for three speci c locations in the
United States. However, we are not aware of any study that applies a similar model
to Central Europe.

1.3 Relevance of This Dissertation

The three publications that are the core of this doctoral thesis, follow a story line.
First, the need for more exible IDF relations is emphasized in order to improve
modeling of annual precipitation maxima and a newly developed methodology is
presented. These exible IDF relations are applied to an event that took place in
Berlin, Germany on 29 June 2017 and were used to assess the event's extremeness
in terms of return periods. During this process the model's inability to represent

a changing climate (stationarity® of the model) turned out to pose a challenge. A
model that assumes a non-changing climate does not \expect" events as extreme as
observed in the real world, where climate change is known to increase the occur-
rence of extreme precipitation events in Central-Europe [IPCC, 2021]. Therefore,
it assigns very low probabilities to such events. Due to this e ect, return periods
from this stationary model were higher than expected. For this reason, the exible
IDF relations that have proven useful for real-world events are then extended to
include large-scale covariates, an approach that enables IDF relations to vary with
large-scale information. Also, the new model can be the basis for future climate
projections since average large-scale variables are easier to model dynamically than
short-scale extremes. In order to do so, the model is trained to nd the statistical

in uence of the large-scale values on short-scale extremes from observations. Then,
the large-scale values can be obtained from future climate projections and future
distributions of extremes can be estimated. This way, projections of short-scale
extremes can be created without the need to dynamically model the short scale
processes. This approach is also known dewn-scalingunder a perfect-prognosis
assumption (Ch. 6.5).

In the following, the purpose of the three publications is explained as an overview
of the relevance of this doctoral thesis.

Why do we need exible IDF relations? Most studies on IDF relations fo-
cus on a specic range of durations, e.g., minutes to hours or one day to several
days. The relationship between intensity and probability over such limited ranges
of duration can be described with simpler models than a longer range of durations
would need. Koutsoyiannis et al. [1998] proposed a parametric model that is able to
describe a wider range of durations from 1 hour to several days. With this model,
especially modeling of sub-hourly durations can be improved. However, for long
durations above 1 day, the modeling performance decreases when comparing mod-
eled intensities with empirical quantiles [Ulrich et al., 2020]. Therefore, we propose
a new model that features more exibility regarding long durations and show that
the new model increases modeling performance, depending on the use-case, e.g., the
durations of interest. The new model is described in Cha. 4 (publication I). Possible

aHere, the term stationarity indicates the assumption of a non-changing climate, whereas a
non-stationary model would be able to re ect such changes.
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reasons why precipitation extremes follow a more complex function are explained in
further detail in Cha. 4.6.

Application of the new model in a case study. The rst publication presented
the need for more exibility in IDF relations and the resulting model improves the
representation of past extremes. In the second publication we apply the new model in
a case study to the heavy-precipitation event in Berlin on 29 June 2017 and evaluate
this event in terms of itsextremenessquanti ed by the exceedance probability. The
study itself analyzes the event from many di erent perspectives in a meteorological
and climate setting as well as attribution to climate change. | contributed to this
publication by applying the exible IDF model and assessing the severity of the event
for di erent durations. We found return periods above 800 years in a few 1 kml km
grid points over Berlin and 50 to 200 years in most grid points. The event's most
extreme (in terms of return period) time scale is between 8 hours and 3 days while
shorter time scales have return periods below 100 years. We suspect that the very
high return periods are coming from the stationarity-assumption in the model and
do not re ect a possible increase in probability. Today's extreme events, compared
to past quantiles, might give a misleading impression of their return periods. These
thoughts point to the need to include some proxies of climate change to estimate
return periods. This will be done in the third publication, presented subsequently.

Why do we need the inclusion of large-scale in uences? The third publi-
cation of this doctoral thesis presents a way to include large-scale variables into the
extreme precipitation model. This way, the IDF relation can be expressed condi-
tionally on large-scale situations, which results in a non-stationary model. Also, it
simpli es projections of extremes in the future, since average large scale variables
are easier to project than levels or probabilities of extreme precipitation themselves
[Pasen-Zapata et al., 2022]. Our methodology adopts a comparable approach to
Quarda et al. [2019], but introduces several new elements: (1) Our analysis region
is Germany, using precipitation data from 199 stations. (2) The large-scale data
that we use, are potentially more suitable for capturing the atmospheric conditions
in Central Europe. The used variables are the NAO index, a blocking index, and
spatially and temporally averaged temperature and humidity. (3) Our model shows
enhanced exibility, including di erent durations and investigating additional po-
tentially in uential factors. (4) We use an advanced validation technique to evaluate
whether the inclusion of large-scale information not only improves the model's per-
formance but also provides novel insights into the e ects of large-scale factors.

Extended Research:  Additionally to the three publications that are shown in full

or in excerpt in this thesis, more studies were carried out that combine the ndings

which have not been published, yet. They will be presented immediately follow-
ing the publications. The rst additional study is a comparison between seasonal

modeling as in Ulrich et al. [2021a] and the exible model [Fauer et al., 2021b, pub-
lication I] in Sec. 4.6. The second publication about the heavy-precipitation event

in Berlin is followed by an additional analysis, where the new large-scale model is
applied to an extreme event that took place in July 2021 and it is investigated how

the non-stationary model a ects the estimation of a return period in Sec. 5.5. The

third publication is extended with a projection of extreme precipitation in the fu-
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ture, based on projections of large-scale variables from dynamic climate models in
Sec. 6.5.
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Chapter 2

Statistical Modeling of Extreme
Precipitation

This chapter introduces the challenges that arise when analyzing extreme precipita-
tion, starting with the observation data and their di erent sources and the de nition
of extremes. Then, methodologies for modeling extreme precipitation will be pre-
sented. That involves the di erent strategies and statistical models that are capable
of describing extremes as well as the techniques to estimate model parameters.

The challenges become obvious when comparing the modeling of extremes with
the modeling of average values. Typically, many models concentrate on modeling
the mean or median of a variable since these target variables indicate what values
are to be expected under certain common conditions. An example is the global
sea level rise where one of the main contributors is the increase in global mean
temperature [Cazenave and Nerem, 2004]. To name a second example, a change of
mean precipitation, has been explained for many years by the Clausius-Clapeyron
equation which states that air humidity increases by about 6-7 % per Kelvin air
temperature di erence [Held and Soden, 2006], however more complex contributors
have to be acknowledged, too [Salzmann, 2016]. Extremes and especially changes in
extremes are more di cult to model, since extremes occur less often and detecting
robust changes requires more data, e.g., longer time series. Changes in extreme
temperature have been modeled with quantile regression [Duan et al., 2022] where
a given quantile is estimated directly, similar to a simple regression of the expected
value, but with an appropriate loss function [Koenker and Bassett, 1978]. Changes
in extreme precipitation need a more advanced method. In Sec. 2.3, we explain why
the normal distribution is not appropriate here.

2.1 Choice of Data Source

There is a variety of possible sources for observed precipitation data, but they di er
in important aspects such as temporal and spatial resolution, record length and
the area that they represent. Choosing the right data set should follow a thorough
consideration of priorities and the task at hand.

For a model of extreme precipitation, long time series of observations are needed



which improve the robustness of the model. Also, we need precipitation sums over
short durations in the range of minutes. We aim to model IDF relations for precise
locations. Therefore, we need observation data which reliable represent past pre-
cipitation at this location. This is important, because precipitation extremes are
often small-scale phenomena, regarding the spatial scale, and their characteristics
often apply only to the immediate surroundings of the location. For example, hills
might cause orographic precipitation [Roe, 2005] or areas with industry might pro-
duce condensation nuclei that in uence precipitation [Laaksonen et al., 2005]. The
same holds for temporal scales. Often, extreme precipitation is caused by convective
events and they might last only for a few minutes or hours.

Station-based data  combine all of those requirements. They provide precise
point measurements which is needed for modeling extreme precipitation at speci c
locations. This data source is the oldest form of record. Early gauges that range a
hundred and more years back were operated manually and usually, only one value
per day is available. In fact, the oldest station with ongoing records has observations
since the year 1688 (with a gap of 18 years) in Paris [Lundstad et al., 2023]. Modern
devices can use optical processes to measure precipitation. Alternatively, stations
are equipped with precipitation gauges that capture the rain, snow or other forms
of precipitation and then, the volume or mass is registered. In general, the quality
of station-based data is heterogeneous for old records, but consistently high for the
last decades. This is, because old records contain uncertainty that is introduced
by human interaction, e.g., subjective reading or personal errors. Newer records
are operated automatically; Errors are usually of technical nature and therefore can
be reproduced and solved comparatively quickly. Moreover, automation enables
very high measurement frequency up to minutely precipitation sums. Here, we
refer to precipitation gauges astation-basedobservations as opposed to grid-based
observational products, although, e.g., radar machines usually are positioned at xed
locations, too.

Station-based data also has some disadvantages. Its measurement gauges are spread
unevenly and there might be locations of interest that are not covered at all. Other
regions might be over-represented, e.g., at places with a high population density.
This poses a challenge when data of many stations are pooled or averaged. The
fact that station-based data only represent the precise location of the measurement
gauge, might not always be an advantage, depending on the desired needs. Being
not representative for the surrounding region of the point-wise measurement has to
be acknowledged when comparing the results of di erent locations, because strictly
speaking, only two di erent points are compared and not two di erent regions.

Di erent grid based data exist, which can be observational products of radar
and satellite measurements or reanalyses. Grid-based products have several ad-
vantages: They have a potentially high quality, because several di erent sources of
observation measurements might be combined for the total product, including radar,
precipitation-gauges or satellites. Grid cells are evenly distributed and provide data
for remote regions, and also regions outside of Germany. In this context, further ex-
tensions of our model, where di erent regions shall be compared, might require the
use of grid-based observational products. For large-scale and averaged parameters,
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gridded data sets are preferable because the grid cells are evenly spread spatially,
which simpli es the detection of large-scale patterns, compared to station-base data.

There are a few disadvantages of grid-based data: One drawback is the limited
availability of data sets with high temporal resolution of a few minutes, permitting
convectional processes. Additionally, record lengths are often shorter than in station-
based data. Another issue is that the data has to be interpreted for the whole
grid cell area and not just a precise point-location. Extreme values might also
be smoothed out by averaging e ects over the grid cell area. Moreover, when the
gridded data is inferred from point-wise locations, there is the need for assumptions
and models, e.g., for the necessary interpolation. This process introduces biases and
errors which propagate into the following models, including our IDF model.

Given the focus of this thesis, namely modeling IDF-relations for precise locations,
station-based data are the most-appropriate choice. They also meet the requirement
of long records for a robust model. Comparing di erent regions, where grid-based
observational products might be preferable, is not a focus here. Therefore, in this
thesis, the observational data for precipitation will mainly be based on station mea-
surements. Only for publication Il [Caldas-Alvarez et al., 2022], radar observations
were used, because our aim was to compare ndings with other analyses within this
publication. Due to some of the advantages of grid-based observational products,
like the better comparability of di erent regions, these data sets might be of use for
future extended research.

For the large-scale covariates blocking, temperature and humidity, we use grid-based
data sets.

2.2 Probabilities of Extremes

In statistics, we call valuesextreme when they occur rarely. Values that are not
extreme, occur more often. Accordingly, the average time span between extreme
events is the larger, the extremer the event is. When considering that extremes are
rare by de nition and record lengths are often short, one might askHow can we
assign an exceedance probability to values that have never been obserledhswer
this question, the basics of probability theory will be summarized briey. There
are more detailed introductions into probabilities [Wilks, 2011] and probabilities of
extremes [Coles, 2001] available.

Measurements are seen as realizations of a random varialflethat represents the
outcome of a process in nature. Heré& follows a speci c probability distribution.
A distribution function or cumulative distribution function (CDF) describes the
probability that X is less than or equal tax. Often, it approaches both or one of
the two boundaries zero and one asymptotically. Note that for many distributions
p(X = x) =0 holds for continuousx. But, a non-zero probability can be assigned to
intervals with a constant lower and upper boundary, and x,. Here,p(x;, X  Xy)
describes the probability thatx is equal to or higher thanx, and equal to or lower
than x,.

Visually more intuitive is the probability density function (PDF), because here,
higher function values indicate that values in this range occur more often. This
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function is the rst derivative of the CDF or CDF (x) = RI PDF (t) dt and de-
scribes the non-exceedance probability of or just probability p(x) [Wilks, 2011].

A density can be assigned to any element of the real numbers and can be compared
to other densities.

The concept ofreturn periods is an alternative to using non-exceedance probabilities.
Assuming the distribution stays constant, we can calculate how often a threshold
is exceeded on average after a certain amount of trials. Then, a return periddis
calculated asT =1=(1 p) and is phrased as \The event happens on average once
in T trials". The idea of a return period might be more intuitive than a probability

for many people. Here, T trials should correctly be considered a3 alternative
realities or universes However instead, often it is mapped to the living time span,
as inwithin T successive yeargvhich might lead to misunderstandings: This phrase
sometimes fails to convey the randomness of occurrence that such an event inherently
has. Here, the probability of an event does not depend on the time since such an
event has occurred last. This should be acknowledged in the used language and
so, communicating aprobability might be more appropriate than communicating a
return period. Both concepts can be used in a non-stationary setting, meaning that
probabilities can change with time or that return periods can change with time.
However, a changing return period might be confusing. An example is: \An event
that happens once in 50 years on average, now, might happen once in 20 years on
average, 30 years in the future".

Now, we can answer the question, how to evaluate the probability of extremes that
have never been observed. There is reason to assume that observations from natural
process can be modeled as random variables following a given distribution. By
assuming a family of distributions and estimating the distribution parameters from
observed values, even if the values are not as extreme, the modeled distribution can
be extrapolated to give a reasonable probability estimate of exceeding an extreme
value. But, the more the return period of the estimated quantile exceeds the time
range of observations the higher is the uncertainty of the modeled quantile.

2.3 Block Maxima and Their Distribution

Precipitation sums over daily time scales contain many zero-values which makes it
harder to model them. The absence of precipitation over a long time can be consid-
ered as an extreme too, but here we are interested in extreme heavy precipitation.
We will focus on block maximaM, = maxf X ; X5; :::;; Xng of n realizations of the
random variable X . Here, the larger the block size is, the smaller is the chance of
having a maximum with value zero. A common block size is one year and so, the
seasonality is ignored. But, in mid-latitudes a block size of one month can be used,
too [Rust, 2009]. Here, blocks are non-overlapping, however new studies show that
overlapping blocks are possible, as well. This concept is callsliding block max-
ima [Bacher and Zanger, 2021]. Block maxima are the classical alternative to the
method of peaks-over-threshold which will be brie y explained in the next section.
All those concepts are known as Extreme Value Statistics (EVS).
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2.3.1 The Fisher-Tippett Theorem

The original proposal by Fisher and Tippett [1928], which lay the foundation for
EVS, postulated the assumption that theX; need to be independent and identically-
distributed (i.i.d.), we denote this assumption (1). However, this assumption can be
weakened to allow for a weak dependence between ke This is, because depen-
dence decreases with increasing time span between two random variables and when
they are su ciently far apart, they can be assumed \approximately independent”
[Leadbetter, 1983]. We try to achieve this independence by choosing su ciently
large block sizes. However, the block sizasare e ectively smaller than they would

be fori.i.d. X.

The magnitude of MaximaM,,, and so, their distribution, depends on the block size
n, because in larger blocks, naturally, the block maxima will be larger, too, assuming
non-degenerated distributions. We do not want the distribution to depend on, i.e.,
to shift and scale withn, and therefore,M, will be re-scaled toM . with

_ M, by

whereh, accounts for the shift anda, for the scale. Now, given the existence of a
sequence of constanta, > 0 and hky,, assumption (2), we write:

pfMnr 29  G(2): (2.2)

Provided that G(z) is a non-degenerate distribution, assumption (3), in the limit
n!1l , G needs to belong to one of three possible distribution families: Gumbel,
Weibull or Fechet [Gumbel, 1958, Coles, 2001, Fisher and Tippett, 1928]. To sim-
plify things, the constantsa, and b, do not need to be found explicitly, but can be
included in the distribution G(z), given that G provides parameters to shift and scale
the distribution [Coles, 2001]. From Egs. 2.1 and 2.2, we obtain the non-exceedance
probability:

pfMn  zg Gf(z b)=a0; (2.3)
= G (2): (2.4

These assumptions of (2) the existence of an according sequence of constants and
(3) G being a non-degenerate distribution, might not hold. Sequences &f or b,
might not be found if the original distribution of X has very small variance or is
non-stationary, i.e., changes over timeG might be a degenerate distribution, e.g.,

if X contains many or only equal values. But, if the (weakened) assumptions (1) -
(3) hold, the fact that block maxima in the limit n!1  always converge to one of
three families, is an important nding which we will use to model the block maxima.
Which of the families they converge to, depends on the original distribution of .
Examples for original distributions whose block maxima converge to the Gumbel
distribution are Gaussian, exponential or Gamma distributions. They are continu-
ous along the real numbers without lower or upper boundaries (see Fig. 2.1, orange
curve). The Gumbel distribution has a location parameter and a scale parame-
ter . Block maxima from Log-Gamma and Fechet distributions converge to the
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Fechet distribution. They have a lower boundary, meaning that the distribution
function becomes zero for values below the threshold (see Fig. 2.1, purple curve).
The Fechet distribution additionally has a shape parameter . The Weibull distri-
bution describes block maxima of random variables from distributions with an upper
boundary, e.g., the uniform distribution (see Fig. 2.1, green curve). In Fig. 2.1, the
parameters for scale, location and shape are set to values that support an intuitive
visualization of the distribution's properties.

Figure 2.1: Distribution families of block maxima: Scale parameteris =1
for all three distributions. Location parameter is = 0 for Gumbel and Fechet and

= 1 for Weibull, for better visualization. Shape parameter is = 0:1 for Fechet
and = 0:1 for Weibull.

The three distributions Gumbel, Fechet and Weibull have similarities in a way that
all three use location and scale parameters and that their equations (not shown) can
be reformulated to bring them into a generalized form that comprises all of the three
distributions [Gnedenko, 1943]. This new form is called Generalized Extreme Value
(GEV) distribution (Fig. 2.2) and, again, has the three characteristic parameters
location , scale and shape :

8
3 exp 1+ - F . 60

G(x) = (2.5)
3 exp exp? )= . =0
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Figure 2.2: Histogram of block maxima and GEV-distribution: Simulated
example data with data bins (blue bars) and modeled GEV distribution (red line).
Upper panel: Histogram and PDF. Lower panel: Cumulative histogram and

CDF.
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with1+ (z )= > 0,and > 0. Here, the sign of the shape parameter indicates
which of the three former distributions it corresponds to with = 0, > 0 and
< 0 belonging to Gumbel, Fechet and Weibull, respectively [Coles, 2001].

From Eg. 2.5 and with G(x) = p, we compute the quantile

ap) = x= G *(p); (2.6)
qp) = [ logfpg] 1 -+ (2.7)

Typically, the variable name x is used for the independent variable which is why
we exchangex = q(p). Quantiles q of the GEV distribution that correspond to
a given non-exceedance probabilitp can be analytically determined even for very
high non-exceedance probabilities.

There are analyses that use the Gumbel distribution to model annual precipitation
block maxima [Grieser et al., 2007, Svensson and Jones, 2010, Junghanel et al.,
2017], however studies show that the GEV distribution is a better choice [Blanchet
et al., 2016, Papalexiou and Koutsoyiannis, 2013, Coles et al., 2003].

For large-enough block sizes, the GEV is very likely well suited to describe the
observed block maxima, since we do not need the observed distribution to fully
converge to the GEV in order to create a meaningful model [Coles, 2001].

2.3.2 Choice of Block Size

When a block length of one year is chosen, a return period nfyears can be di-
rectly translated into one in n observationson average under the assumption of a
stationary climate, because one observation corresponds to one annual maximum.
In case of a block length of one month, as in parts of this study, the quantile needs
to be adjusted to re ect that there is more than one value per year and that it is not
important in which month of the year the event happens. Our model is supposed
to capture seasonal di erences which is why the three summer months June, July,
August (JJA) and winter months December, January, February (DJF) are used.
The distribution of monthly maxima is modeled and thep-quantile from this dis-
tribution corresponds to the non-exceedance probabilitg,, for a single month. To
make our results comparable to other models, we will stick to the notation of annual
probabilities. To calculate the probability p of an extreme not being exceeded in
a given year, i.e., in at least one of three given months (e.g., JJA or DJF), we as-
sume the three monthly non-exceedance probabilities to be independent and equal
Pr = P2 = Ps = Pm. This way, the product of three non-exceedance probabilities
p1p2ps = P2, = p states the probability of non-exceedance for the given three-month
period or season. Reformulating this equation in terms of exceedance probabilities
pe=1 p(annual) andpem =1 pm (Monthly) leads to

Pe=1 (1 pem)™
Pem =1 (1 pe)l=nm (2.8)

with the number of values per yean,, (here, three months). In the seasonal model,
X; are monthly maxima and so, the modeled relation between intensityand non-
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exceedance probabilityp,, is with regard to individual months. However, the pre-
dominant measure is an annual non-exceedance probability. Therefore, after the
modeling process, when calculating the desired return level or quantile, that is asso-
ciated to annual exceedance probabilitigs, it is important to transform the desired

pe to the monthly non-exceedance probabilityp,, because this is the value that is
described with the estimated modeled parameters. We use

pm=(1 pe)t™: (2.9)

2.4 Peaks Over Threshold

The classical alternative to using block maxima is the Peaks-over-Threshold (PoT)
method.

In the PoT method, all valuesx that exceed a selected threshold are considered
extreme Then, x u follows the Generalized Pareto Distribution (GPD) [Coles,
2001]:

fx)=1= 1+ 2 7 (2.10)

Fx)=1 1+ >~ (2.11)

with PDF f (x) and CDF F(x), scale and shape . In general, the shape param-
eter stretches a distribution alongx while the shape parameter determines its tail
behavior for increasingx.

Only values from distinct events should be used, meaning values that origin from
the same event, or happen directly consecutively, have to be handled with care.
This needs to be considered because precipitation sums over short durations values
show a temporal correlation and - as opposed to the method of block maxima (last
section) - there is no intrinsic mechanism in this method to prevent temporally close
values above the threshold to be selected.

The higher the thresholdu, the better the values follow the GPD [Pickands lIlI,
1975], however, obviously the number of values aboualecreases with increasing.
Therefore, nding the right threshold is the main problem when conducting a PoT
analysis. There are di erent methods to nd the best threshold like Mean Residual
Life Plot and parameter stability [Coles, 2001], but to some extend, a subjective
component remains when choosing the threshold.

Both PoT and block maxima require the selection of a hyper-parameftefthreshold
or block size) and both converge asymptotically to a certain distribution (GPD or
GEV), if certain requirements are met. However, the block maxima approach is

aHyper-parameters are parameters of a learning algorithm (not the model) that is set prior
to the training process and remains constant during training. They in uence the behavior and
performance of the model but are not learned from the training data. Non-hyper-parameters would
be parameters that are optimized within a closed optimization routine and that do not control the
models learning process on the highest level [Bishop, 2006].
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slightly less complex than PoT, because the choice of a certain block size is easier to
justify than the choice of a PoT threshold. Therefore, we will use the block maxima
approach in our analysis.

2.5 IDF Curves

Extreme precipitation events take place on di erent time scales. Heavy convective
precipitation usually lasts for only a few minutes while light drizzle can go on for
several days and even with small interruptions can be considered as extreme. There-
fore, models should acknowledge di erent time scales and we need to nd a way to
represent them with the available data. This will be done with accumulation dura-

tions d. Consecutive observations; with i = d;d+1;d+ 2;:::;;n are summed up
over sliding windows of selected length$to get the accumulated precipitation sums
1 xd
Xdi = a Xi j+1- (212)

j=1

All x are given in mm/h units. In our data sets, the following measurement frequen-
cies are available: one minute, ten minutes, one hour and one day. In consequence,
we chose duration steps that represent the di erent time-scale regimes equally. There
are ve duration values each for the sub-hourly, sub-daily and super-daily scale:

d 2 f 1 min; 4 min; 8 min; 16 min; 32 min;
1h;2h;4h;8h;16h (2.13)
1d;2d;3d;4d;5dg (2.14)

We repeat Eq. 2.12 for eacld and all time stepsi. This procedure results in several
accumulated time series. The number of time series equals the number of possible
d, denotedjdj, and the length of the time series i® j dj+1, because the rst values

in the time series do not have enough preceding values to be accumulated.

Block maxima are drawn from each duration-speci c time series, so that for each
block the number of maxima equalgdj. That also means that for eachd, an individ-
ual distribution of block maxima can be modeled. In fact, a simple way of describing
IDF relations is to model the distribution of block maxima for each duration indi-
vidually (Fig. 2.3) and estimate return levels from the distribution, corresponding
to the duration of interest. Then, in a second step, IDF curves can be created by
modeling the quantiles of interest, as a function af (Fig. 2.4). In the simplest ver-
sion, this is a power-law-like function (scaling), also described asale-invariance
Visually, this corresponds to a straight line in a double-logarithmic plot of intensities
over durations.

Hydrologists and meteorologists have been using these IDF relationships since the
mid-20th century [Chow, 1953], and they have gained popularity since then. Es-
timating IDF relations involves utilizing the assumption of a smooth relationship
between p-quantiles for di erent durations. Not only, does this approach allow for in-
terpolation between durations; Additionally, it can improve estimation for durations,
where only shorter time series are available, often short durations. Traditionally, a
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Figure 2.3: Probability density of block maxima for di erent durations:
Simulated data (bars) and model (lines). Intensity decreases for longer durations
because peaks are averaged out by neighboring values.

set of Gumbel distributions [e.g. Junghanel et al., 2017] or GEV distributions has
been separately estimated for individual durations, resulting in p-quantile estimates
for each duration. For Example, Garca-Bartual and Schneider [2001] modeled the
p-quantiles as empirical functions of duration. Often, this dependency is not limited
to a simple power-law, but can include more exible functions.

We distinguish the so-calledDF curve from IDF relations. While IDF curves are

a visual representation of the named characteristics of extreme precipitation, usu-
ally with intensity on the ordinate (y-axis), duration on the abscissa (x-axis) and
xed frequency, IDF relations are more than that. In this thesis, we use the term
IDF relations as a description of the dependence between the named character-
istics. Depending, on the use-case, we present them with a variety of di erent
visualizations, e.g., in the form of IDF curves, or in a plot, showing return periods
over duration (Fig. 5.3), we denotereturn period curve or with xed probabilities
and variations of other in uential variables (Fig. 6.5), we call itconditional IDF or
Intensity-Duration-Variable (IDV) curve.

Modeling IDF relations in two steps by estimating the distribution parameters for
each duration step individually poses the risk of quantile crossing: Imagine two
di erent quantiles g, and ¢ and their associated non-exceedance probabilitigs
and p,, with p; < p,. When extrapolating the functional dependency of quantile
on duration step, two lines might cross and theng might have a higher value
than @, although exceedingg is expected to occur more often than exceeding
G, in, supposedly, the same distribution. This contradiction arises because the
overarching model consists of two individual models, (1) a model for a distribution,
whereq: M, GEV, and (2) a model for the functional relationshipqg = f (d).
The overarching model does not restrict the dependency to consistent behavior.
Therefore, in another, consistent, approach the dependency on duration is built into
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Figure 2.4: IDF curve, created by a two-step approach: For simulated data,
each duration (colored whisker boxes) is modeled individually and three quantiles are
estimated. The lower box boundary, black horizontal line and upper box boundary
describe the empirical 0.25-, 0.5- and 0.75-quantile, respectively. Then, a power-law
model (straight red line in double-log plot) is applied to describe the dependence of
quantiles on duration.
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the distribution model, as presented in the next section.

2.6 Consistent Duration-Dependent GEV Distri-
bution

Quantile crossing leads to inconsistent IDF relations. To solve this challenge,
IDF estimation is possible in a single step using a uni ed model by employing a
duration-dependent GEV distribution [Koutsoyiannis et al., 1998, Nguyen et al.,
1998, Menabde et al., 1999]. In this approach, the GEV parameters are de ned as
functions of duration d. Later in this section, the term d-GEV will be introduced
for this concept with a detailed explanation. This ensures consistency, because it
prevents quantiles from crossing when extrapolating along duration.

In the following paragraphs, di erent approaches from the last decades for a consis-
tent modeling will be presented, including the reasons for their development. Some
of these approaches are visualized as IDF curves in Fig. 2.5 (copy from Fauer et al.
[2021b, Fig. 4.2, publication 1]).

Figure 2.5: IDF curve examples: Visualization of di erent IDF curve features.
(a): Curvature for short durations. (b): Multiscaling. (c): Curvature for short
durations, attening for long durations and multiscaling. [Fauer et al., 2021b]

In a rst simple consistent model, precipitation intensities, for a given exceedance
probability, follow a power-law-like function (scaling) along durations [Gupta and
Waymire, 1990, Veneziano and Furcolo, 2002, Burlando and Rosso, 1996] with higher
intensities observed for shorter durations. This is achieved by de ning the scaleas

a power-law function ofd. Furthermore, it is assumed that the ratio- is constant.

This way, scales linearly with and we de ne the rescaled location = % or:
(d)= od (2.15)
(d)=~ (d) (2.16)
= const;; (2.17)

with the new parameters scale o set o, rescaled location ~and scaling exponent .

In an IDF curve, describes the slope of a straight line in the double-logarithmic
plot. The location parameter shifts all IDF curves vertically and the scale pa-
rameter o de nes the vertical distance of IDF curves for di erent xed exceedance
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probabilities. This approach assumes acale-invariance Here, the rate of scaling,
usually is xed for all frequencies. However, this model may lack exibility for data
that span durations from minutes to several days. The initial approach used a simple
scaling, assuming the duration exponent to be independent of exceedance proba-
bility. Relaxing the assumption of a constant scaling factor introduces multiscaling,
allowing di erent scaling factors for di erent exceedance probabilities (Fig. 2.5b).
This proves e ective for durations exceeding one hour [Burlando and Rosso, 1996,
Veneziano and Furcolo, 2002, Van de Vyver, 2018] and requires a second duration
exponent ;:

()= od (*? (2.18)
(d)=~ od (2.19)
= const;; (2.20)

where the parameterization is chosen in a way, that, can be set to zero, when
multiscaling is not wanted.

However, still the scaling assumption might not hold for the whole range of dura-
tions. The intensity deviates from the power-law relationship and visually results in
a curvature of IDF curves as duration decreases in the double logarithmic plot [Kout-
soyiannis et al., 1998]. We show this e ect in Fig. 2.5a. To address this, Bougadis
and Adamowski [2006] introduced a piecewise power-law model that uses two dif-
ferent duration exponents in the power-law, one for short durations and another for
longer ones. Alternatively, this curvature can be accommodated by parameterizing
the deviation from the power-law in a single model and adding a duration o set
[Koutsoyiannis et al., 1998] within the parameters of the GEV distribution

()= o(d+ ) (2.21)
(d)=~ (d) (2.22)
= const:; (2.23)

without the need to explicitly di erentiate between short and long durations.

This creates a smooth variation over the entire range of durations (Fig. 2.5a). The
shape parameter remains constant and independent of durations [Overeem et al.,
2008]. Note that these ndings are empirical and the underlying theory is not fully
understood, yet.

Building on the approach of Koutsoyiannis et al. [1998], Ulrich et al. [2020] intro-
duced the termduration-dependent Generalized Extreme Value (d-GEV) distribution
and extended the model to incorporate spatial aspects with covariates for the ve d-
GEV parameters 2f + o; ;; ¢. While consistent modeling and spatial pooling
improved model performance, there was a recognized need for increased exibility
in the IDF relations for longer durations. This need is addressed by introducing an
intensity o set  (Egs. 2.24 - 2.25) which is visually represented by a attening of
IDF curves for long durations (Fig. 2.5c). Following the duration-o set, this inten-
sity o set is another deviation from the scale-invariance and might be caused by
di erent behavior of extreme precipitation in summer and winter. Details on this
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topic are presented in Ch. 4.6. Therefore, we suggest to use the intensity o set es-
pecially for regions with a strong seasonal cycle [Fischer et al., 2019]. Alternatively,
if monthly instead of annual maxima are used [Rust, 2009, Fischer et al., 2019], the
intensity o set might not be needed [Fauer et al., 2021b, publication I, Ch. 4].

All these features, duration o set (), multiscaling ( and ) and intensity o set ( ),
are combined in our implementation of the IDF relation, hence creating a exible
model that contains existing approaches and the new intensity o set, which, to our
knowledge, has never been used before:

()= o@d+ ) (¥ 2+ ; (2.24)
(d=~(od+ ) + ) (2.25)
= const:; (2.26)

with the rescaled location + scale oset , duration oset , rst and second
duration exponents and , and intensity oset in g4eev 2f % o, 2, O
In our model, the shape parameter is independent of duration. Inserting these
new dependencies = (d) (Eq. 2.25) and = (d) (Eq. 2.24) into Eq. 2.5 results
in the nal duration-dependent Generalized Extreme Value (d-GEV) distribution.
Its advantages are investigated in greater detail in Fauer et al. [2021b, publication
I, Ch. 4]. There, we also show that for some use-cases some of the parameters
> and should be set to zero. We refer to this distribution with the termd-GEV
distribution and call it a consistent modelbecause it prevents quantile crossing.

Additionally to the benet of consistency, the e ciency of data use is increased
as the total number of parameters is reduced. In the two-step model, three GEV
parameters had to be modeled for each duration, resulting in a total ofj3dj param-
eters. The new model only needs between 4 and 7 parameters in total, depending
on the use-case. Furthermore, the consistent model can be extended, to let the
d-GEV parameters depend on further covariates (see Ch. 6, publication II1). Now,
insights into physic-based mechanisms beyond the mere statistical characterization
of precipitation are possible. To extend the non-consistent model with covariates
would be more challenging, due to the already high number of parameters.

2.7 From Linear Models to Extreme Value
Statistics and Covariates

This chapter will highlight another perspective on the modeling of distributions that
might help to understand the philosophy behind EVS. Especially, the dependence of
distribution parameters on covariates will be motivated and how it can be exploited
to extend such a model and include additional covariates.

Linear models describe the expected valug of a target variableY; for a data point
with index i, by assuming a Gaussian-distributed random variable

E[Yi]= (2.27)
Yo N (59 (2.28)

with the characteristic distribution parameters location and variance 2 and a
linear relationship between ; = X; and the coe cients . The describing variables
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or covariates are a matrixX , or for a single data pointi the row X; from matrix X.
Each column inX contains one covariate. The best-estimate coe cients' can be
found analytically. In order to do so, the root mean squared error of the di erence
between modeled target variable and observationsy should be minimized:

“zargmin((X  y)?): (2.29)

(2.30)

To minimize this term, the rst derivative with respect to is set to zero:

0=2XT(X ) (2.31)
=(XTX) XTy (2.32)

This way, the optimal values, regarding the root mean squared error, can be calcu-
lated as a function of covariates and observationsy without the need for compu-
tationally expensive optimization techniques like gradient-descent. This procedure
usually works ne for linear models, when two conditions are met: (1), the matrix
X has to be invertible and (2), the columns need to be linearly independent which
works best when the number of covariates is small, compared to the number of obser-
vations. For very large datasets, numerical solving might be faster, because inverting
a large X is expensive. Also, if the model whose coe cients shall be estimated be-
comes more complex, as in the next paragraphs, this procedure is not applicable
anymore, because Eq. 2.29 usually cannot be used for estimatifganymore and
the minimization of most other score terms cannot be solved analytically.

When extending this concept to generalized linear models, the target random vari-
able does not need to be Gaussian anymore. At the same time, a link functigf)
connects expected value and linear predictor by

a( (X)) = X (2.33)
[McCullagh and Nelder, 1989]. The link function needs to be static, i.e., it does not

have additional parameters. Examples are log], exp( ), or 1= .
Analogously, we can motivate the estimation of GEV parameters for a single dura-
tion. Here, the target random variableY is GEV-distributed
Y GEV(;; ): (2.34)
(2.35)

In a duration-dependent setting, the target variableY is d-GEV-distributed:

Y d-GEV(d;) ; (2.36)
with the d-GEV distribution depending on duration d, as in Egs. 2.24 - 2.26. Here,
the duration is the equivalent to the covariateX and d-GEV parameters ggey are

the equivalent to the coe cients . However, there is no linear relationship of the
characteristic distribution parameters toX (di erent from Eq. 2.33).
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In a next step, we want the d-GEV distribution parameters to depend on further
covariates X ¢ that represent large-scale atmospheric conditions with a polynomial
function f ooy ()

= fpay(Xc): (2.37)

Therefore, the matrix X is now extended and does not only contain the column
with duration d as covariate but also new columns with large-scale covariat¥s .
Also, the number of coe cients in  needs to increase to additionally describe the
dependence orXc. The new coe cient vector is and

Y d-GEV(d:Xc¢: ): (2.38)
(2.39)

2.8 Maximum Likelihood Estimation

The relationships in Egs. 2.24 - 2.26 are not linear and while the coe cients in linear
models can be determined analytically by setting the rst derivative of the least-
squares equation to zero (Egs. 2.29 - 2.31), this approach cannot be applied here.
Instead, a Maximum Likelihood Estimation (MLE) is used. An MLE is performed

as follows: First, an initial set of values for the parameters is selected. How the
initial values are chosen in our model, is explained in Sec. A.1 in greater detalil.
Next, the likelihood function L(X; ) is computed, which represents how likely it is

to observe the sample datX given the parameter set :

W
LOX; )= fx(Xis ) (2.40)

i=1

wheref,( ) is the PDF for each data pointX;, N is the total number of data points,
and i is the index of each data point. The goal is to adjust the parameters to
maximize L(X ; ), and so, nding the parameter values” that make the observed
data most probable under the assumed statistical model. For practical reasons,
instead of directly maximizing the likelihood, it is more common to minimize the
negative log-likelihood (NLLH)

I = log(L): (2.41)

This is done for two main reasons: (1) Minimization is more intuitive and con-
ventionally more common, as it can be interpreted as reducing a penalty func-
tion. (2) For large datasets, multiplying many small probability densities can
result in extremely small humbers that may lead to numerical instability. Since
log(x1x2) = log(xy) +log(x2), minimizing |( ) gives the same result as minimizing

L( ), because both functions, identity and logarithm, are monotonically increas-
ing and reach their maximum at the same parameter values Another reason for
using the logarithm is that 2I( ) has important applications in test statistics, as
the likelihood-ratio-test or some information criteria, as the Bayesian Information
Criterion (BIC) (see Sec. 3.1).
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There are di erent strategies for the optimization of the NLLH. For a Gaussian
distribution, there is an analytical solution to MLE. Using the negative log PDF of
the Gaussian distribution and setting the rst derivative to zero (not shown) leads
to the estimated location parameter being equal to the sample mean and the
estimated scale parameter being equal to the sample standard deviation [Wilks,
2011].

The MLE has no asymptotic bias and the variance of the estimated parameters is
minimized [Coles, 2001, Davison and Huser, 2015]. Furthermore, using MLE, the
model can easily be extended to include covariates for the distribution parameters
and enables a non-stationary distribution model. MLE is used for all models in this

thesis, except for the Gumbel model in Caldas-Alvarez et al. [2022, Publication 1]

by the co-authors Moor et al.

We considered that the choice of durationd might impact the parameter estimation

in the model because a higher number of, e.g., long durations might shift the model's
\attention" to this time scale, since there are more data points that in uence the
NLLH. This assumption was investigated in publication | (Appendix Sec. A.3),
showing that there is no clear such e ect in our models.

26 CHAPTER 2. STATISTICAL MODELING OF PRECIPITATION



Chapter 3

Evaluation of Models for Extreme
Precipitation

Observations can be conceived as realizations of a random variable whose distribu-
tion is unknown. The models that are used to describe observations are tractable,
i.e., simpli ed mathematical objects and should not be confused with the natural
process itself. This chapter will brie y summarize the techniques that are used in
this thesis to evaluate, select and validate models and give some general thoughts
about their meaning.

Often, only the expected value of a variable is the object of evaluation [Wilks, 2011],
e.g., in linear models. Here, the standard deviation of data is rather a by-product
that adds complexity to the process. However, for models of extremes, the standard
deviation is a key part of the model since it enables us to describe values that are
not \expected", but uncommon [Coles, 2001]. At the same time, this is a challenge
since sometimes measurement errors might be confused with extreme events. The
evaluation of extreme models poses further challenges since, usually, the amount of
recorded extremes that could be used to validate the model is small compared to
the total number of observations. Luckily, there are techniques that help to address
these problems and they will be presented in the next sections.

3.1 Scoring rules

Scoring rules evaluate the performance of statistical models quantitatively. In this
section, we will discuss a few scoring rules that are used in the analyses from this
thesis and compare them to other methods that are used often, in the eld. By
understanding these scores, researchers can better assess the accuracy and e ective-
ness of their models, in order to choose the most appropriate model for their speci c
needs. Especially, the scoring rules that are not used (RMSE and CRPS) will only
be introduced very brie y and without much detail. But, they provide context for

the scores that will be used in this thesis.

Root mean squared error (RMSE): The RMSE is one of the most-commonly
used scores [Samantaray et al., 2024, Ozbuldu and Irvem, 2021, Gebrechorkos et al.,
2023] to evaluate predictions by comparing each af observationsy; with their
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according predictionyy:

i %= (3.1)

Its square, the mean squared error (MSE), is used, too. But, the advantage of the
RMSE is that it it e ectively scales the error to the unit of the variable y. Usually,
the RMSE is used to evaluate how well the expected valug[y] of a variable is
predicted.

Continuous ranked probability score (CRPS): The CRPS is used to evaluate
the accuracy of probabilistic forecasts with CDH-( ) and observationsy. We obtain
YA 1
CRPS(F;y) = (F(x) Fu(x y))2%dx (3.2)
1

with the Heaviside functionF, (x y) that takes the value 0 ify  x or 1 otherwise
[Abramowitz and Stegun, 1972]. The CRPS is speci cally designed to assess the
accuracy and calibration of probabilistic forecasts by measuring how well forecast
distributions match observed outcomes.

Quantile Score (QS): None of the scores that were mentioned before, is able to
evaluate selected quantiles of the modeled distribution and how well they match the
observations. This can be achieved with the QS [Bentzien and Friederichs, 2014].

Modeledp-quantilesqare compared with all observationy; (Eq. 3.4) and the score is
penalized, when data points are larger than the modeled quantile. The penalization
scales with the non-exceedance probability of the quantile (Eq. 3.3), following a
so-called tilted check-function , that looks like a check mark:
(
u ;u>0
o= " .

(P u ;u O
X
QS(y; g p) = p(yi Q) (3.4)

(3.3)

This tilted check-function is an asymmetric cost function and has the following
e ect: When data points exceed modeleg-quantiles with a high non-exceedance
probability p, then the penalization is stronger than for lowep.

One of the main advantages of the QS over RMSE and CRPS is that it evaluates
the prediction of selectedp-quantiles of interest. In this analysis, we chose the QS
for model validation (Sec. 3.4.2).

3.2 Model Selection Criterion

Bayesian Information Criterion (BIC): The BIC is developed by Schwarz
[1978] and is not intended to evaluate prediction performance. It rather aims to nd
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the optimal model complexity. We obtain

BIC =2 I(") +log(n) pn (3.5)

with NLLH function (), estimated coe cients ", sample sizen and number of
parametersp,. It balances the goodness of t, mainly based on the likelihood,
and the model complexity (second term) by taking the sample size and number of
parameters into account. More Complex models with highgs, score worse if their
maximum likelihood cannot compensate for the complexity. The BIC can be used
to compare statistical models that model a distribution, requiring that they have
the same sample size. In this analysis, the BIC will be used for model selection
(Sec. 3.4).

3.3 Cross-Validation

Typically, models are the more exible the more parameters are used. More ex-
ibility allows for more accurate estimation of values that closely t the training
data and simple error scores like the mean squared error (MSE) will always decrease
with increasing number of parameters. However, when a model is trained and tested
with the same data set, it tries to reproduce the data it has seen as good as possible
including data noise and outliers, but does not necessarily nd underlying patterns.

It might perform badly on new data even when it origins from the same natural
process and belongs to the same random variable. This phenomenon is cabeer-
tting . To overcome this problem, data sets are split into a training and testing
set in order to evaluate trained models on data they have not seen before. One of
the rst published examples, where a subset of data is put aside to use it later for
evaluating is Larson [1931]. Usually, the splitting process is varied across multiple
iterations, with new assignments of the data points to training or testing set and the
computed score is averaged over all testing sets. This is called cross-validation (CV)
[Stone, 1976]. Di erent strategies can be applied here. The data splits should be
arranged in a way that every data point belongs to the testing data once. This can
be achieved by assigning each data point to the testing set and all other data points
to the training set (leave-one-ou} or by splitting the whole data into k equally sized
subsets [Lachenbruch and Mickey, 1968], and using each subset as testing data once
(k-fold cross validation). In case of time series it might be necessary to use blocks
with a certain size (here,py-sized blocks) of data as testing subset and not single
data points in order to not destroy the temporal dependency or auto-correlation of
consecutive data points leavep.,-out). Then, the testing subsetDs; of X for CV-
stepi contains the data pointSDesti 2 f Xi; Xj+1; 121 Xi+ poy @8N Dyraini = X NDestsi
contains the remaining data points.

aHere, the technical terms from the eld of machine learning are used [Michaelsen, 1987, An-
toniadou et al., 2023, Ghosh and Mujumdar, 2008]. Often, models ar¢rained in a rst step and
then used fortests in a second, separate step. Related are the termparameter estimation and
prediction. We will use the latter, when the focus is on nding the optimal distribution param-
eters, e.g., location, scale, shape, ... . However, the more general terrtraining and testing are
convenient here, because the described procedure of cross-validation can also be applied to other
kinds of models which do not involve aparameter estimation.
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The choice depends on di erent considerations like computational costs or the means
of evaluation, e.g., whether a model selection or a model validation should be per-
formed. This will be explained in the next section.

3.4 Model Selection and Validation

3.4.1 Model Selection

The two processes, model selection and validation, are often confused and the ques-
tion arises, why we need both of them. However, in fact, their objectives are very
di erent.

The model selection is a process in which a set of possible models is tested to nd the
best one. The termbestis chosen with regard to a selected score. The score should
represent the model's ability to perform a certain task, e.g., to predict an expected
value or to model a distribution, as done in this thesis. The models that are tested,
usually di er in the number and selection of covariates or other parameters. The
number of models to be tested can be very large so that a systematic procedure
might be necessary. Also, nding and selecting the best model should be done with
a cross-validation, to prevent that over- tted models are selected [Stone, 1977].

In this analysis (Ch. 6, publication IlI), the model selection is performed with the
BIC and a two-fold CV with every second year being assigned to testing or data
set, respectively and vice-versa. Moreover, the model selection is conducted in a
stepwise procedure, as follows:

Start with the most simple model as reference and evaluate the cross-validated BIC.

1. Create a more complex model by adding one of all potential covariates and
temporarily evaluate the cross-validated BIC.

2. Remove the added covariate and repeat step 1 for another covariate until all
potential covariates are used once.

3. Identify the covariate that led to the lowest cross-validated BIC and declare
this model the new reference. Start again from step 1, as long as the addition
of at least one of the added covariates improves the BIC.

3.4.2 Model Validation

In contrast to the model selection, the model validation aims for the evaluation
of a trained model against a well-chosen reference. This is not a comparison of
di erent versions of a model, as in the model selection, but the procedure aims to
nd out whether the nal model outperforms the model that is considered state-of-
the-art. Model complexity should only be increased in case of a su ciently-large
improvement over the less complex model. Therefore, a cross-validation is used here,
too, to make sure that higher model performance is genuine and not only caused by
a higher number of parameters.

In this analysis (Ch. 4, publication | and Ch. 6, publication IIl), the nal models
are veri ed with the Quantile Skill Index (QSI) [Ulrich et al., 2020] which is based
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on the QS. The QSI is calculated as follows:

The QS is calculated for both the nal model QSy ) and a simpler reference@SR).
The reference model is the non- exible model (publication 1) or the exible model
without covariates (publication I11). By using

(
QS| = 1 QSu=Q% ;QSw QSr (3.6)
QSr=QSv 1 ;QSw >QSk:

the QSI shows whether a model yields more adequabequantiles (values close to

1) than the reference or less adequatequantiles (values close to -1). The QSl is
cross-validated in aleave-3-outsetting to not destroy the temporal dependency of
subsequent years. The number three seems a good balance between preserving the
temporal dependence and enabling enough folds for the CV. The quantile scores
from all CV steps are averaged and the two averaged QS from model and reference
are used for the calculation of the QSI.

The QSIl is determined for selected non-exceedance probabilitesnd durationsd to
nd out, whether the improvement or worsening is restricted to certain probabilities
or durations.

3.4.3 Dierent CV strategies for Model Selection and
Validation

In summary, the model selection is a step that surrounds the training process. Its
purpose is to nd the best model, given the boundaries of the speci ¢ model envi-
ronment. On the other hand, the validation is performed after the model training
has been nished and evaluates whether the new model is better than a simpler
model.

As mentioned, both model selection and validation can be performed with cross-
validation, but di erent cross-validation strategies might be preferred. Model selec-
tion is usually done with fewer folds, e.g., two, in order to not penalize a model for
not being able to predict outliers [Arlot and Celisse, 2010]. Also, the computational
costs are lower and since many models are to be tested, this comes in handy. Here,
we use a two-fold cross-validation for the model selection.

The validation on the other hand should be a thorough assessment of the nal model
and its improvement over the reference. Here, many folds are recommended, e.g.,
leave-p-out to include the model's handling of outliers as well. This way, outliers
in uence the cross-validated score when representing a large proportion of the testing
set in this speci c fold.

3.5 Uncertainty and Bootstrapping

Quantifying the uncertainty of a model prediction is a crucial part of each study,
since predictions without an uncertainty range can not be trustworthy. Note that in
some cases the uncertainty quanti cation is not feasible due to high computational
costs. Then, it makes sense to use experience values from similar models or interpret
the results accordingly (see Sec. 5.2.1).
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The uncertainty can be quanti ed with methods that analyze how small uncer-
tainties in input variables can propagate through a model to a ect the outcomes,
starting with the uncertainty of the measurement device, of the person operating the
device and the physical noise of the random variable that is measured. An example
for such a method is the Delta method [Oehlert, 1992], where the rst derivative
of the used equations is used to quantify to which extend errors propagate through
the calculation steps. Here, we do not use the Delta-method because the di erent
uncertainty terms are not clear from the beginning and the calculation steps are too
complex to perform a Delta method. Furthermore, with this method, the errors are
assumed to be normal-distributed which is not the case in our anylsis.

Bootstrapping [Davison and Hinkley, 1997] is independent of the modeling process
and makes no assumptions about the underlying distribution of the data. Following
the basic idea of bootstrapping, data are re-sampled with replacement and the mod-
eling procedure is repeated for each of the new sub-samples. The di erent model
predictions build a distribution of the predicted variable. From this distribution,
the variance of the predicted variable can be estimated. Here, the exact work ow
of the modeling process does not in uence the bootstrapping procedure and can be
considered as a black box, since only input data is changed and the di erent model
outputs are observed. Bootstrapping can be performed in a non-parametric and a
parametric way.

Non-Parametric Bootstrapping. Here, data pointsX are sampled from the
original data set with replacement. The size of the sample equals the size of the full
data set. This way, the underlying distributionF of the data should not change but
the sample itself di ers from the full data set, since individual data points can be
drawn more than once or not at all. Caution is necessary, when the full data set is
small. It might not represent the original underlying distribution well.

In this thesis, non-parametric bootstrapping is performed to quantify the uncertainty
for predicted p-quantiles. The process is visualized in Fig. 3.1. The gure can be
explained as follows: For preparation, extract the unique vector of yeaysfrom the
data. Each year with available data should be contained in this vector, once. The
number of years is,. Remember that more than one data point is associated to each
yeary;, since there are several durationd. The number of associated data points
per year varies, because for shorter durations, shorter time series are available. Now
(1), for the rst bootstrap b = 1, from all years of the original datay, randomly
draw ny years with replacement and collect all the data (precipitation block maxima
and covariates) that is available for the selected years. We denote this new sample
X, and its distribution F,. If a yeary; is selectedn; times, then all data associated
with this year, should be containedm; times in X,,. This is repeatedn, = 1000 times
(1000-fold bootstrapping). For each bootstrap fold the distribution of maximum
intensities X, with b=1;2; :::n, is modeled (2), meaning that a total ofn, models

is created. This can become computationally very expensive [Efron and Tibshirani,
1993] and therefore, this process usually is parallelized and performed on di erent
CPU cores at the same time. The modeling part (2) - in the last paragraph described
as a black box - has no e ect on the procedure itself, only on the numeric values of
the results. Next, the statistics Ab of interest - the return level, corresponding to a
speci ¢ probability - is estimated from all of the bootstraps (3). As a result, there
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are ny, di erent Ab. They are sorted (4). The distribution of these return levels
guantiles ’\b is now used to derive an uncertainty of the estimated return level of
the original data set. We use the quantile method and calculate a 95%-con dence
interval (" g.025); " (0:075)) With ", 1 being the empirical pg-quantile of * . That
means that 95% of all return levels (5) should be contained in this interval, to get
an upper and lower boundary of the con dence interval. This con dence interval
speci es a range of values in which the true value is expected to be with a probability
of 95%.

Figure 3.1: Schematic cross-validation: Numbers in blue circles indicate the
order of procedure. Each colored box represents a block maximum. Green lines
represent quantiles.

Parametric Bootstrapping Here, the re-sampling process is not based on the
original data, but on simulations from a parametric distribution. Each distribution

can be used as a random number process (analogously to Egs. 2.5 and 2.6) to gen-
erate new data from the same parametric distribution. This data does not originate
from the distribution of the full data sample but from the modeled distribution that

is based on the full data sample.

A di erence between non-parametric bootstrapping and parametric bootstrapping
is that parametric bootstrapping assumes a known underlying family of distribu-
tions from which the re-samples are created. Parametric bootstrapping therefore
relies heavily on the correctness of the assumption for the underlying distribution.
In contrast, non-parametric bootstrapping does not assume a speci ¢ distribution,
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but re-samples directly from the data to approximate the true underlying distri-
bution [Davison and Hinkley, 1997]. We use this exibility of the non-parametric
bootstrapping method in our analysis because of the many empirical features in our
model, i.e., the duration o set or the multiscaling, where the theory behind those
e ects is not completely understood, yet.
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Abstract

Assessing the relationship between intensity, duration and frequency (IDF) of ex-
treme precipitation is required for the design of water management systems. How-
ever, when modeling sub-daily precipitation extremes, there are commonly only
short observation time series available. This problem can be overcome by applying
the duration-dependent formulation of the Generalized Extreme Value (GEV) dis-
tribution which ts an IDF model with a range of durations simultaneously. The
originally proposed duration-dependent GEV model exhibits a power-law like be-
haviour of the quantiles and takes care of a deviation from this scaling relation
(curvature) for sub-hourly durations [Koutsoyiannis et al., 1998]. We suggest that
a more exible model might be required to model a wide range of durations (1 min
to 5 days). Therefore, we extend the model with two features: i) di erent slopes for
di erent quantiles (multiscaling) and ii), newly introduced in this study, the devia-
tion from the power-law for large durations ( attening). Based on the quantile skill
score, we investigate the performance of the resulting exible model with respect
to the benet of the individual features (curvature, multiscaling, attening) with
simulated and empirical data. We provide detailed information on the duration and
probability ranges for which speci ¢ features or a systematic combination of features
leads to improvements for stations in a case study area in the Wupper catchment
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(Germany). Our results show that allowing curvature or multiscaling improves the
model only for very short or long durations, respectively, but leads to disadvantages
in modeling the other duration ranges. In contrast, allowing attening on average
leads to an improvement for medium durations between 1 hour and 1 day without
a ecting other duration regimes. Overall, the new parametric form o ers a exible
and performant model for consistently describing IDF relations over a wide range of
durations, which has not been done before as most existing studies focus on dura-
tions longer than one hour or day and do not address the deviation from the power
law for very long durations (2-5 days).

4.1 Introduction

The number of heavy precipitation events has increased signi cantly in Europe
[Kundzewicz et al., 2006, Tank and Kennen, 2003] and worldwide [Hartmann et al.,
2013]. Such events are related to ooding and other hazards which can cause se-
vere damage on agriculture and infrastructure [Bemond et al., 2013]. The impact of
extreme precipitation depends on the temporal scale of the event: Short intense con-
vective precipitation exhibits di erent characteristic consequences than long-lasting,
mostly stratiform, precipitation. Examples for events on di erent time scales of min-
utes to hours, days and weeks are pluvial or ash oods (Braunsbach, May 2016),
river oodings (Elbe, 2013) and ground water oodings (Leicestershire, March 2017),
respectively.

The de nition of precipitation extremes is based on occurrence probability and is
guanti ed using quantiles (return levels) and associated occurrence probabilities,
often expressed as return-periods in a stationary interpretation. Quantitative esti-
mations of quantiles and associated probabilities mostly follow one of two popular
methods: (1) block-maxima and their description with the Generalized Extreme
Value (GEV) distribution | a heavy-tailed and asymmetric distribution | or (2)
threshold exceedances and a description with the Generalized Pareto Distribution
(GPD) [e.g. Coles, 2001]. Typically, annual precipitation maxima of di erent time
scales are used to describe extreme rainfall events. Both GEV and GPD can be used
to model extreme precipitation of a certain time scale. A common problem for short
time scales, the scarce availability of data with high measurement frequency, can
be overcome by modeling several time scales at once. Dierent time scales can be
represented as durations over which the precipitation rate is aggregated and aver-
aged. Most frequently, daily precipitation sums are reported, but hourly or 5-minute
aggregation are also common.

A way to describe characteristics of extremes for various durations (timescales)
are Intensity-Duration-Frequency (IDF) curves, describing the relationship between
extreme precipitation intensities, their duration (timescale) andfrequency (occur-
rence probability or average return period). These relations are known since the
mid 20th century [Chow, 1953] and have become popular among hydrologists and
meteorologists. In estimating these curves one tries to exploit the assumption of
a smooth intensity-frequency relationship across di erent durations. This helps for
interpolating between durations and it can also improve the estimation for short
durations, as for those, shorter time series are often available.
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Historically, a set of GEV distributions is sought individually for a set of durations
(e.g. 5min, 1h, 12h, 24h, 48h, ...) leading to quantile (return level) estimates
for speci ed probabilities (return periods) for all durations considered. In a second
step, for a given probability a smooth function is estimated interpolating associated
quantiles across durations [Garca-Bartual and Schneider, 2001]. However, by using
a duration-dependent Generalized Extreme Value (d-GEV) distribution (see rst
examples in Nguyen et al. [1998] and Menabde et al. [1999]), IDF estimation can be
carried out in one step within a single model. To achieve this, GEV parameters are
de ned as functions of duration. This approach prevents the crossing of quantiles
across durations and is thus considered consistent. Moreover, the data are used
more e ciently which simpli es the extension of the model, e.g. the inclusion of
large-scale covariates at a later stage. This will enable rst insights into physical
e ects beyond the pure statistical evaluation of precipitation.

It is widely agreed, that precipitation intensities for given exceedance probabilities
follow a power-law-like function (scaling) across duration [Gupta and Waymire, 1990,
Veneziano and Furcolo, 2002, Burlando and Rosso, 1996] with higher intensities
for short durations. For a range of very short durationsd  1h), the scaling
assumption does not hold, because maxima from di erent durations often originate
from the same event. This leads to a curvature of IDF curves, where intensity
no longer follows a power-law with decreasing duration. Bougadis and Adamowski
[2006] approached this issue by using two di erent duration exponents for small and
for other durations. A more smooth transition can be achieved by including the
curvature as a duration o set in the parameters of the GEV distribution without
explicitly distinguishing between short and long durations. Koutsoyiannis et al.
[1998] used a model with ve parameters to describe the complete IDF relation for
di erent probabilities (return periods) and across durations. The underlying idea
is based on a reparametrization of the GEV and its three characteristic parameters
location , scale and shape . While shape is held constant for all durations
d, it is further assumed that ratio between location and scale= remains constant
across durationd (for details, see Sec. 4.2.3).

Ulrich et al. [2020] built on the approach of Koutsoyiannis et al. [1998] and extended
it to a spatial setting with covariates for the d-GEV parameters. Although usage of
both consistent modeling and spatial pooling improves model performance, the need
for more exibility of the IDF curves in longer durations is emphasized and will be
addressed in the present study. Therefore, we aim to look for new parametrizations
of the IDF curve's duration dependence by combining the existing approaches of
multiscaling and duration o set and also extending it by a new parameter, the
intensity o set.

The commonly used variant of the d-GEV with 5 parameters [Koutsoyiannis et al.,
1998] might not be exible enough for a wide range of durations from minutes
to several days. A rst approach for extending the d-GEV adresses the simple
scaling relation. This model assumes a scaling being independent of exceedance
probability (return period). However, relaxing this assumption leads to so-called
multiscaling, which allows for di erent scaling-like behaviour for di erent exceedance
probabilities (return periods). This is achieved by introducing another parameter

2, asin Egs. 4.8 and 4.10 in Sec. 4.2.3. Then, the ratio between location and scale is
not constant anymore. Multiscaling is found to be e ective for durations longer than
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1h [Veneziano and Furcolo, 2002, Burlando and Rosso, 1996]. Van de Vyver [2018]
employs the multiscaling approach in a Bayesian setting. On a global scale di erent
scale parameters have been investigated by Courty et al. [2019]. None of the named
studies combine multiscaling with curvature for short durations but focus on only
one of these aspects, while our study is aiming for a combination and analysis of
three di erent features.

In this study we compare di erent ways to parametrize IDF curves, including the
features multiscaling and duration o set. In addition, we present a new d-GEV
parameter, the intensity o set, which accounts for the deviation from power law and
attening of IDF curves for long durations. To our knowledge, this comprehensive
analysis of di erent features has not been conducted before. Section 4.2 lists the
data sources and introduces the di erent features and their modeling equations as
well as the veri cation methods to analyze modeling performance. In Sec. 4.3, the
cross-validated veri cation results of all features are shown with respect to modeling
performance of di erent return periods and durations. For veri cation we perform

a case study using rainfall gauge data from a catchment in Germany. IDF curves
that include all analyzed features are presented for selected stations.

4.2 Data and Methods

We use precipitation measurements in an area in and around the catchment of the
river Wupper in western Germany. In order to compare di erent models for the
d-GEV, we use the Quantile Skill Index (QSI) introduced in Ulrich et al. [2020]
within a cross-validation setting. For the resulting IDF curves we obtain con dence
intervals using a bootstrap method and test their coverage with arti cial data with
known dependence levels in a simulation study. The data and all necessary methods
are explained in the following section.

4.2.1 Station-Based Precipitation Data

Precipitation sums for minute, hour and day are provided byWupperverbandand

the German Meteorological ServicdDWD). Rain gauges are located in and around
the catchment of the river Wupper in North-Rhine Westphalia, Germany. 115 sta-
tions are used in total. Data from two measuring devices with a distance below
250 m are combined into one station each in order to obtain longer time series, thus
resulting in a total of 92 grouped stations. However, in cases where measurement
series are grouped together, it is common to have measurements from both instru-
ments for a certain period of time. Thus, when merging, we decide to use only the
observations with the higher measuring frequency for the analysis. For example,
when combining two time series with hourly and daily data, respectively, the time
series of all aggregation levels (durations) are obtained from the hourly data for the
overlapping period. This choice is made because 24-h values from hourly measure-
ment frequency might show higher intensities since the 24-hour window is shifted
hour-by-hour in order to nd the annual maximum. On the other hand, 24-h values
from daily measurement frequency are recorded for a xed day block, i.e. from 8:00
to 7:59. A test of robustness was performed (not shown) to assess how the estimated
IDF curves are a ected by the choice of measurement frequency which is preserved
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during the time of overlap when merging the time series. For this purpose, two IDF
curves were created, (1) choosing the maxima from higher measurement frequency
and, (2) choosing the maxima from lower measurement frequency. In most cases,
there was no relevant di erence between both methods.

Years with more than 10% of missing values are disregarded. Some years contain
measurement artifacts, where identical rainfall values were repeated over several
time steps. After consulting the data maintainers, these years are removed before
the analysis. The data exhibits heterogeneity in terms of its temporal frequency
and the length of the resulting time series. Figure 4.1 presents the availability of
data over time (left) and space (right) for 3 possible temporal resolutions. More
speci cally, minutely data is available since 1968, whereas daily records range back
to 1893.

Figure 4.1: Temporal and spatial distribution of station data: Left: Number
of stations by temporal resolution. Right: Station location (circles) with data
availability (circle area size) by temporal resolution (color). The red line within the
map of Germany indicates the Wupper Catchment boundary.

Time series for di erent durations are obtained from an accumulation over a sample
of durations

d 2 f 1 min; 4 min; 8 min; 16 min; 32 min;
1h;2h;4h;8h;16 241481 72h 96 hy 120 hy (4.1)

respectively, as done by Ulrich et al. [2020]. In the following, numerical values are
presented in hours. We use only the annual maxima of these time series to model
the distribution of extreme precipitation. The original precipitation time series are
accumulated with the R packagdDF [Ulrich et al., 2021b]. The data set with annual
maxima can be found online as supplementary material to this study [Fauer et al.,
2021a].

The set of durationsd is chosen such that small durations are presented with smaller
increments than larger durations. In a simulation study we tested whether using a
di erent set of durations with stronger focus on short durations a ects the results,
but no such e ect could be found (see the Appendix Sec. A.3).
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Minutely measurements might be less accurate when only a small humber of rain
drops is recorded and measured intensity is a ected by sampling uncertainty. How-
ever, for events that are identi ed as annual maxima we expect the rain amount to
be large enough that a higher sampling uncertainty compared to larger measurement
accumulation sums can be neglected.

4.2.2 Generalized Extreme Value Distribution

One of the most prominent ideas of extreme value statistics is based on the Fisher-
Tippet-Gnedenko theorem, which states that under suitable assumptions maxima
drawn from su ciently large blocks follow one of three distributions. These dis-
tributions di er in their tail behaviour. The GEV distribution comprises all three
cases in one parametric family and is widely used in extreme precipitation analysis
[Coles, 2001]:

1=

G(z) = exp 1+ (4.2)

Here, the non-exceedance probabilits for precipitation intensity z is depending
on the parameters location , scale > 0 and shape 6 0 with z restricted to
1+ (z )= > 0. The non-exceedance probability can be expressed as a return
period, e.g. for an annual block siz&(z) = 1=(1 G(z)) years. Consequently, return
values for a given non-exceedance probability<Op < 1 can be calculated by solving
Eq. (4.2) for z,

z=( logfpg]  1)—+: (4.3)

Water management authorities and other institutions rely on return values for dif-
ferent durations. However, the GEV distribution in the form of Eq. (4.2) is limited

to one selected duration at a time. One way to account for that need is to model
each duration separately and then, in an independent second step, interpolate the
resulting quantiles (return levels) across duratiord, as done in the KOSTRA atlas
[DWD, 2017] of the German meteorological service (DWD). One huge disadvantage
of this method is that quantile-crossing can occur, meaning that quantiles (intensi-
ties) associated with smaller exceedance probabilities can have higher values than
guantiles from larger exceedance probabilities in some duration regimes. To solve
this problem, Nguyen et al. [1998], Koutsoyiannis et al. [1998], Menabde et al. [1999]
proposed a distribution with parameters depending on duratiod; there is thus only
one single model required to obtain consistent (i.e. non-crossing) duration depen-
dent quantiles (return values). Another advantage is the involvement of data from
neighbouring durations in the estimation of GEV parameters: For the modeling of
short duration rainfall, often less data is available than for longer durationd 24
(one day). Thus, in this setting, information from long durations has the potential

to increase modeling performance for short durations as well.

4.2.3 Duration Dependence

There are multiple empirical formulations for the relationship between intensity
z and duration d. Koutsoyiannis et al. [1998] proposed a general form with ve
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parameters for IDF curves. Therefore, a reparametrization and extention of the
GEV is needed with

(d)= o(d+ ) (4.4)
()=~ (d) (4.5)
= const: (4.6)

1=
G(z) = exp 1+ ﬁ . : 4.7)

Here, ~is the re-scaled location parameter, is the duration o setand the duration
exponent. Scale follows a two-parameter power-law (scaling relation) of duration
d, with scale o set ( being constant for all durations. Ford , It is justi ed to
disable the duration o set feature by setting duration o set = 0. The resulting
IDF curves (Fig. 4.2a) have two main features: (1) The curves follow a power-law
for a wide range of durationsd > 1 (one hour). The power-law exponent (slope in
a double-logarithmic plot) is described by duration exponent and is equal for all
probabilities. (2) The deviation from the power-law (or curvature) ford < 1 (one
hour) is described by the duration o set .

Figure 4.2: IDF curve examples: Visualization of di erent IDF curve features.
(a): Curvature for short durations. (b): Multiscaling. (c): Curvature for short
durations, attening for long durations and multiscaling.

When applying the GEV separately to every duration out of a set of durations
and interpolating in a second independent modeling step, the number of parameters
equals three GEV parameters times the number of selected durations plus at least
three parameters for interpolating every quantile. For the set of durations chosen
here and for evaluating ve quantiles, this implies estimating 15 3+5 3 =60
parameters. For the consistent approach, estimation is reduced to only ve d-GEV
parameters: ~ o; ; and . A smaller parameter set is less likely to over-t the
data and enables us to better investigate underlying physical processes.

Models can be further improved by adding the multiscaling feature [Gupta and
Waymire, 1990, Burlando and Rosso, 1996, Van de Vyver, 2018], which introduces
di erent slopes, depending on the quantile (or associated probability). Figure 4.2b)
presents how this feature a ects the IDF curves. In order to highlight the e ect of
the multiscaling, we set = 0, resulting in no deviation from a power-law (curvature)
for short durations. The multiscaling feature is added at the cost of one additional

CHAPTER 4. FLEXIBLE AND CONSISTENT QUANTILE ESTIMATION 43



parameter , (second duration exponent) in the model

()= od (*2 (4.8)
(d)=~ od : (4.9)

Using only the curvature feature, Ulrich et al. [2020] reported decreasing perfor-
mance in consistent modeling for longer durationd 24 (one day), compared to
using separate GEV models for each duration. Our attempt aims for more exibility
of the IDF curve in the long-duration regime. Therefore, we combine both features,
curvature (duration o set) and multiscaling (second duration exponent), and add a
new parameter , the intensity o set, which allows for a slower decrease of intensity
for very long durations d 24 (one day) (Fig. 4.2c). This e ect will be called
attening in the following:

()= o(d+ ) (F 2+ ; (4.10)
(d=~(Co(d+ ) + ) (4.11)

Summarizing this chapter, three di erent features were presented: (1) Curvature,
described by the duration o set parameter , (2) multiscaling, using a second dura-
tion exponent , and (3), attening with the intensity o set  which is introduced
in this study. In the following, we use the notation IDF. for a model including only
the curvature feature, i.e. , =0 and =0, IDF, for a model including only the
multiscaling feature, i.,e. =0 and =0 and IDF; for a model including only the
attening feature, i.e. =0 and , = 0. Feature combinations are denoted as, e.g.
IDF . for all features. The plain duration dependent model without curvature,
multiscaling and attening is denoted as IDF.

4.2.4 Parameter Estimation

Parameters of the d-GEV distribution are estimated by maximizing the likelihood
(Maximume-Likelihood Estimation, MLE) under the assumption of independent an-
nual maxima. Jurado et al. [2020] showed, that independence is a reasonable as-
sumption in many cases, especially for long durations. Their study was performed
on an earlier version of the same data set that was used in this study. Moreover,
Rust [2009] showed that in strongly dependent time series convergence towards the
GEV distribution is slower. But, assuming an appropriate choice of model, depen-
dence does not play a large role. We use the negative log-likelihdodo avoid using
products of small numbers

. W X .
L(x o555 2 (12)= log G(zna:dj+ o5 2)); (412)
n=1 d2D

with the number of data pointsN, the duration setD, data points for each duration
Zn.¢ and the characteristic parameters of the modi ed d-GEV;~ ¢; ; ;; 2; . The
sum of L over all data points Z is minimized with Rs optim() function [R Core
Team, 2020]. The R packageDF [Ulrich et al., 2021b] which was already used
for accumulation also provides functions for tting and plotting IDF curves. Its
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functionality was extended in the context of this study and now provides options
for both multiscaling and attening in IDF curves.

Finding reasonable initial values for d-GEV parameters in the optimization process
was a major challenge during parameter estimation, because optimization stability
strongly depends on the choice of initial values. Details about this procedure can
be found in the Appendix Sec. A.1.

4.2.5 Quantile Skill Index

After estimating GEV parameters, quantilesq (return levels) can be predicted for a
chosen non-exceedance probability(or return period T, with T =1=1 p)), using

Eqg. 4.3. To verify how well a modeled quantile of a given probability p represents
extremes in the data we use the Quantile Score (QS) [Koenker and Machado, 1999,
Bentzien and Friederichs, 2014]:

X
QS(p) = o(zn  Q); (4.13)

n

with a small score indicating a good model. Here,, is the tilted absolute value
function, also known as the so-called check function. For high non-exceedance prob-
abilities p it leads to a strong penalty for data points, that are still higher than the
modeled quantile ¢, > q)

(

pu ;u>0

p(W) = (p Lu ;u O

(4.14)

with u = z, g Using this approach, the QS allows for detailed veri cation for
each probability p and duration d separately, by predicting a quantile intensity for
a givenp and d and comparing it with data points z,.4 of duration d.

To compare di erent IDF models in terms of the QS, we require another veri cation
measure. The Quantile Skill Score (QSS) compares the quantile scQ®y, of a new
IDF model M with the quantile scoreQSr of a reference IDF modeR:

QSSujr =1 QSu=0Q&: (4.15)

The QSS takes valuesl < QSS 1 with QSS = 1 for a perfect model. Pos-
itive values QSSyjr > 0 are associated with an improvement oM over R. In
case the modeM is outperformed by the referencdR, the resulting QSS is nega-
tive QSSujr < 0. In this case, its value is not easily interpretable. This issue is
acknowledged by the Quantile Skill Index (QSI) suggested by Ulrich et al. [2020]:
in case ofQSSyjr < O, referenceR and modelM are exchanged and QSSzjv is
used for negative values of the QSI

(
QS = 1 QSu=0% :QSw QSr (4.16)
QSr=QSy 1 ;QSw >QSk:
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The QSI has a symmetric range and indicates either (1) a good skill over the reference
when leaning clearly towards 1, (2) little or no skill when being close to 0, or (3)
worse performance than the reference when leaning clearly towards -1.

In this study, the quantile score was calculated in a cross-validation setting. For
each station, the available years with maxima are divided inta., non-overlapping
blocks of three consecutive years. Then, for each cross-validation stene block

is chosen as testing set and all the other blocks are used as training data set. For
the remaining cross-validation steps this procedure is repeated with another block
chosen as testing set in each step until all blocks have been used as testing sets
exactly once. The cross-validated QS is obtained by averaging the score of all cross-
validation steps

Qs'= = Qs: (4.17)

Then, the QSI is derived from the averaged cross-validated QS of the mod@i5yy,
and the averaged cross-validated QS of the referen€gss’, according to Eq. (4.16).

If a year was assigned to the training or testing data set, then all available accumu-
lation durations are used for training or testing, respectively to avoid dependence
between test and validation set.

In order to compare individual model features, we will use the mentioned models
without this speci ¢ feature as a reference in the following.

4.2.6 Bootstrapping and Coverage

To provide an estimate of the uncertainty of the intensity quantile estimates in
IDF curves, we obtain 95% con dence intervals using a bootstrapping method. To
account for dependence between annual maxima of di erent durations we apply the
ordinary non-parametric bootstrap percentile method [Davison and Hinkley, 1997]
as follows:

Please note that in this paragraph theempirical quantiles used for the con dence
intervals should not be confused with theintensity quantiles which describe the
return level and are referred to agjuantiles as well. For each station, we draw
a sample of years (with replacement) from the set of years with available data.
This way, for a chosen year, all maxima from this year are used and we expect
that sampling in this way maintains the dependence structure of the data. We
then estimate the parameters of the d-GEV which is used to calculate the intensity
guantile that is connected to a certain non-exceedance probability (see Eq. 4.3). We
obtain a distribution of the estimated intensity quantiles by repeating this process
500 times. From this distribution, we use the empirical 0.025 and 0.975 quantiles to
get the upper and lower bounds of the 95% con dence interval of intensity quantiles.

We conduct a simulation study to examine whether the derived con dence intervals
provide reasonable coverage despite the dependence between the annual maxima
of di erent durations. Therefore, we simulate 500 samples of data, each with a
size ofn = 50 years with known dependence between durations. In a rst case,
samples with no dependence between durations are obtained by drawing random
values from a d-GEV distribution. Further details on the simulated data can be
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found in Appendix Sec. A.2. In a second case, to obtain data with dependence
between durations, we use the R-PackadgpatialExtremesto simulate values from

a Brown-Resnick simple max-stable process with known dependence parameters.
We use the range and smooth parameter;( ) 2 f (1;0:2); (120, 1); (60; 1)g for (1)
weak dependence, (2) strong dependence, and (3) a dependence found for Wupper
catchment [Jurado et al., 2020], respectively. We transform the simulated data from
having unit-Fechet margins to d-GEV margins with the chosen parameters, as done
by Jurado et al. [2020] and adjust them to the hourly scale used in this study. Then,
for the arti cial data, con dence intervals are obtained by bootstrapping with 500
repetitions, as described above. For better understanding, this results in a total of
500x500x50 data points and 500 con dence intervals. The ratio of samples in which
the con dence intervals cover the true intensityz and the total number of samples
(500) is called the coverage. It can be calculated for each duration and probability
separately.

4.3 Results

Results are presented in the following order: (1) Modeling performance is veri ed
with the QSI for the three di erent IDF curve features: curvature, multiscaling and
attening. (2) IDF curves with all three features are shown for two rain gauges.
Curves are presented with a 95% con dence interval, created by a bootstrapping
method. (3) The trustworthiness of this bootstrapping method applied to the new
model with all three features is investigated with a coverage analysis, based on
simulated data.

4.3.1 Model Validation

The QSI is used to compare the quantile score of a model with that of a reference.
In order to speci cally investigate the in uence of a single model feature, we use
these features in a model and compare with a reference without this speci c feature,
e.9.QSl ok jior gives the performance for a model including only curvature against
the plain reference without curvature orQSI e, jior,, 9ives the performance for
the full model including curvature, multiscaling and attening against a reference
with multiscaling and attening and without curvature (see Sec. 4.2.3).

Figure 4.3 shows the QSI for an IDF model including each of the three features
curvature, multiscaling and attening (columns) combined with no other, one other,

or both other features (rows) against a reference model which di ers only in the one
feature under investigation (labels on top of the columns). For eadQSI pr ,jior,,
one panel is provided in Fig. 4.3. Models and references are listed in Table A.2
in Appendix Sec. A.4. This way, the potential performance of each feature, e.g.
curvature is analyzed and is denoted as e.gcurvature skill. QSI values between
-0.05 and 0.05 are considered as indicator of no relevant di erence between model
performances.

The curvature (duration oset 6 0) for short durations can be explained by a
stronger connection between annual maxima of di erent durations, which tend to
origin from the same event. Usually, the most intense phase of a heavy precipitation
event lasts for several minutes and aggregated maxima do not di er much on this
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Figure 4.3: Quantile skill index (QSI) of the three features (columns) for 4 dif-
ferent cases (rows) where the investigated feature is combined with no other (upper
row), one other (second and third row), or both other features (lower row) in model
and reference. Column titles indicate the feature switched on in the model and
switched o in the reference. Transparent labels in the panels indicate which model
and reference is used, see also Table A.2. Dots show whether the average length of
time series over all stations is longer than the return-period = 1=1 p) (here
shown as probability p) and indicate veri cation trustworthyness. Black lines are
derived from the number of years of the station with the longest time series. Veri ca-
tion for rare events (upper part of each panel) above the black line has to be treated
carefully, because the data does not cover this time period. For this veri cation
plot, only stations that provide data on a minutely scale were used.
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scale. Based on this idea, curvature in uences the IDF curve's shape only for very
short durations below one hour (Fig. 4.2a). The consistently positive QSI values
for d = 1=60 (one min) for the curvature skill support this theory. These results
show that this duration regimed = 1=60 is much better modeled with the curvature,
compared to models without this feature. However, the slope for medium durations,
described by the duration-exponent (see Fig. 4.2b) is steeper when using curvature,
compared to models that do not use curvature. So, for medium and long durations,
models perform equally well or worse when curvature is used than reference models
without curvature in most cases on average (see blue regimes in Fig. 4.3a). In
absence of multiscaling (rows 1 and 3), further performance increase could be found
for durations between 8 hours and 5 days.

Multiscaling allows for dierent slopes of dierent p-quantiles on a double-
logarithmic scale. Figure 4.3b shows that this feature increases modeling perfor-
mance mainly for long, but also for some sub-hourly durations, when estimating
guantiles for small non-exceedance probabilities. Not using curvature enables a
small multiscaling skill gain for sub-hourly durations (rows 1 and 3 in Fig. 4.3b).
An explanation could be that multiscaling tends to let IDF curves associated with
di erent return periods diverge for short durations and converge for long durations.
This behavior might interfere with the duration o set's introduction of curvature in
short durations. Furthermore, the presence of curvature leads to a slightly smaller
skill increase for durations longer than 16 hours (rows 2 and 4 in Fig. 4.3b). This
e ect agrees with the results from the curvature skill veri cation (Fig. 4.3a), where

it was shown that curvature improves modeling performance only for very short
durations and has no or a negative e ect on medium and long durations.

The intensity o set is a new feature, rstintroduced in this study, which addresses
the empirically observed slower decrease in intensity for very long durations, called
attening. In the case where curvature is enabled in both model and reference
(rows 2 and 4 in Fig. 4.3c), the attening feature improves modeling performance
slightly for the shortest duration of 1 minute and strongly for medium durations
between 2 hours and 1 day. Here, the attening might compensate for the loss in
skill that we observe for medium durations for models with curvature. In these
cases, there is a slight loss in skill for very long durations. In cases where curvature
is not used, attening is not needed as it provides no clear skill. An explanation
for attening of the IDF curves in long durations could be seasonal e ects, with
annual maxima of short or long durations occurring more often in summer or winter
months, respectively. These e ects are currently under further investigation.

When modeling only durationsd 1 (one hour) of all available stations, the models
are rather indi erent towards parametrization (Fig. 4.4). Here, multiscaling and
attening show some skill improvements for long and medium durations, respec-
tively, similar to that in Fig. 4.3, but to a much smaller extent, compared to a data
set which uses the whole range of durations from 1 minute to 5 days for both training
and testing (Fig. 4.3).

We conclude that the choice of parameters depends on the study purpose. When
focusing on long ranges of durations, we recommend the usage of features like curva-
ture, multiscaling and attening. If focus lies on long durations or the data does not
provide a sub-hourly resolution, simple scaling models might be su cient. These
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Figure 4.4: Quantile skill index for data with hourly resolution: The visual-
ization scheme follows that of Fig. 4.3. Here, all models were trained and tested for
durations d 1. Here, all stations were considered, regardless of temporal resolution.

Figure 4.5: IDF curves for two example stations within the Wupper catch-
ment: Empirical quantile estimates are denoted as \+". Con dence intervals are
obtained from a bootstrapping procedure.

recommendations are further elaborated in the discussion in Sec. 4.4.

4.3.2 IDF Curves

Figure 4.5 shows IDF curves for the stations Bever and Buchenhofen, where a long
precipitation series is available (51 years with minutely resolution and 76 years with
daily resolution in Bever and 19 and 77 years in Buchenhofen, respectively). The
di erence in available years for di erent durations have an impact on the width of
95%-con dence intervals, with uncertainty being larger when less data is avaiable.
Noticeably, con dence intervals for for both stations forp = 0:99 andd = 1=60
have a wide range over more than 100 mm/h. Considering, that the 100-year return
level was observed in neither of both stations, a wide con dence interval range was
expected. Forp 0:8 in Bever, the con dence intervals remain narrow, even on a
minutely scale.
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4.3.3 Coverage

Con dence intervals in Fig. 4.5 are obtained from a bootstrapping procedure. In
the formulation of the likelihood we assume the maxima of di erent durations to be
independent. This assumption might not be justi ed especially for short durations
[see Jurado et al., 2020] and thus this dependence must be taken into account when
estimating uncertainties. Disregarding the dependence would result in an underesti-
mation of the uncertainty. To account for this e ect, all annual maxima of each year

| for all considered durations | are always included jointly into a bootstrapping
sample. We assume that this procedure preserves the dependence structure between
durations. To investigate this assumption, we calculate the coverage of simulated
data (see Appendix Sec. A.2) from (1) a d-GEV distribution without dependence,
and a Brown-Resnick max-stable process with (2) typical dependence for Wupper
station [Jurado et al., 2020] and (3) rather weak and (4) strong dependence between
durations (Fig. 4.6). In the rst case without any dependence, the displayed cover-
age does completely agree with the 95% con dence interval, without any respect to
duration or frequency (probability). When using dependence on a weak or strong
level, the coverage is smaller, but still around 90%. This can be interpreted as an
under-estimation of uncertainty to a small extent by the con dence intervals, in case
of a high dependence. The true dependence of durations was not investigated in this
study and could be lower. That said, these results suggest that bootstrapping is a
suitable tool to estimate con dence intervals in the presented context.

4.4 Discussion

In this study, we show that model performance can be increased when the attening
of IDF curves in the long-duration regime is taken into account. We assume that
this behavior arises from seasonal e ects. That means, annual maxima of di erent
durations may not follow the same scaling process. However, this topic is currently
under further investigation [Ulrich et al., 2021a].

The analyzed features | curvature, multiscaling and attening | were seen in the
results to have a di erent impact on modeling performance, depending on duration
and return period. All features are able to improve the model for certain regimes, but
depending on the problem that is approached, features should be chosen accordingly.
If focus lies on small time scales of minutes, the curvature skill is important for a good
modeling result. When curvature is used and medium to long time scales are also of
importance the attening feature should be used. This helps to compensate for the
deterioration due to curvature over longer durations. Multiscaling is a good choice,
if a loss in skill for short durations can be accepted in exchange for simultaneous
improvement at long durations, regardless of which other features are requested.

The skills of features depend on another feature's presence. This dependence is
strongest for the attening, which can only improve the model when curvature is
used. The modeling performance of curvature depends less on the presence of other
features. The same applies to the multiscaling feature.

These suggestions hold for models that are supposed to cover a wide range of time
scales from minutes to days. For data with hourly or more coarse temporal reso-
lution, the skill gain from using the features is much smaller. Here, attening can
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Figure 4.6: Bootstrapping coverage: Using a Brown-Resnick max-stable process,
the coverage was determined in order to investigate the reliability of 95% con dence
intervals from bootstrapping. Three di erent levels of dependence were used.
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improve the model slightly on a daily time scale and multiscaling only improves
modeling long durations a little bit, but leads to a slight reduction in skill for the
hourly time scale.

Additional parameters give the model more exibility. Including in the model
allows to reduce deviations between model and data points particularly for long du-
rations. This, in turn, opens the possibility to vary the remaining parameters such
that deviations between model and data points can be reduced in other (e.g. short)
duration regimes. Vice cersa, this holds for including. This way, a parameter that
changes the curve in long durations can increase modeling performance in other
durations and even slightly decrease model performance in long durations in certain
cases. In Fig. 4.7, IDF curves for two models are compared for a chosen station
(Bever). The model that includes attening (IDF.n¢) is able to follow the empir-
ical quantiles in long durations as good as the model without attening (IDEx).
However, attening gives the model the opportunity to better follow the empirical
guantiles in medium durations between 4 h and 1 day which accords with the results
in Fig. 4.3c.

Figure 4.7: IDF curve for Bever: A comparison of a model with attening
(IDF ¢cr¢) and a model without attening (IDF ). Empirical quantile estimates
are denoted as \+".

The parametric form of the IDF relation is based on three modi cations to a sim-
ple power-law which are motivated by our understanding of the rainfall process:
curvature [e.g. Koutsoyiannis et al., 1998] for small durations addressing limits to
rainfall intensity, multiscaling [e.g. Van de Vyver, 2018] taking care of a varying
scaling behaviour for events of di erent strength, andattening (suggested here)
resulting from a mixing of convectively and stratiformly generated precipitation
extremes from di erent seasons in the climate regime under study. Our contribu-
tion is to combine these modi cations into a exible parametric form capable to
describe various e ects related to rainfall processes. The resulting model is based
on empirical grounds and it can be shown to improve the description over simple
power-law models. Other modi cations are possible. To our knowledge there is no
theoretical justi cation for these forms which can be derived from rst principles for
rainfall processes. Since our results might apply only to the geographical region un-
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der investigation, further studies are necessary to nd out whether the found model
performances of the di erent features are generally applicable. The character of the
shape parameter with respect to duration is still unclear, since no linear or log-
linear duration-dependence could be found as with location and scale parameters

and . A possible approach would be to let the shape parameter vary smoothly
across durations in a non-parametric manner, but penalize its deviation from the
median over all durations [Bacher et al., 2021]. However, scarce data availability
hampers a more complex estimation of the shape parameter.

4.5 Summary and Outlook

The aim of this study is to compare and suggest new parametric forms of consistent
IDF curves that are applicable to a large range of durations from minutes to several
days and therefore cover events from short-lived convective storms to long-lasting
synoptic events. The dependence on duration is implemented in location and scale
parameter and allows for three features: curvature, multiscaling and attening. The
analysis of these features enables us to understand more about underlying physical
e ects beyond the subject of return periods and provides more exible IDF curves
that are suitable for a wide range of durations. The results of our simulation study
show that we are able to provide reasonable estimates of uncertainty using bootstrap,
also with regard to dependence between durations.

Our ndings agree with Veneziano and Furcolo [2002], who found simple scaling
being adequate in modeling short durations and multiscaling for long durations.
Moreover, our conclusion that curvature improves the modeling of short durations
indirectly agrees with Bougadis and Adamowski [2006] who used di erent slopes
for durations longer or shorter than 1 hour, respectively and concluded that linear
scaling does not hold for small durations.

Consistent modelling using the d-GEV enables the usage of less parameters. This
way, the model can be easily extended, e.g. using physically relevant atmospheric
covariates. Thus, improving the parametrization of the d-GEV is crucial to lead the
path for further steps. In future studies we plan to include spatial covariates into
the estimation of the newly proposed d-GEV parameters, including intensity o set,

in order to use data from di erent locations more e ciently. Also, the concept of
non-stationary precipitation with respect to IDF curves is important to consider [see
Cheng and AghaKouchak, 2014, Ganguli and Coulibaly, 2017, Yan et al., 2021] since
extremes are expected to vary due to climate change. For example Benestad et al.
[2021] found a model that enables downscaling of 24-h measurement data to shorter
durations without assuming stationarity. However, we think that implementing
atmospheric large-scale covariates [as in Agilan and Umamahesh, 2017] into the
here proposed exible d-GEV model would allow for a better understanding of the
underlying processes. We plan to use this approach to investigate the change in
characteristics of extreme precipitation due to climate change in future studies.
While the choice of method depends on the study target, di erent approaches have
been taken to create IDF curves, as in Bezak et al. (2016) who used copula-based
IDF curves and reported that IDF curves might be sensitive to the choice of method.
This is important to consider when deciding on the appropriate way to create IDF
curves. Moreover, the origin of attening in annual maxima for long durations is
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currently investigated in more detail [Ulrich et al., 2021a].

The analysis of performance shows that the new parametric form of the duration-
dependent GEV suggested here together with the bootstrap based con dence inter-
vals o er a consistent, exible and powerful approach to describe intensity duration
frequency (IDF) relationships for various applications in hydrology, meteorology and
other elds.

Code and data availability: Parts of the rainfall data are freely available from
the German Weather Service (DWD) [DWD, 2021]. Annual precipitation maxima
of stations from Wupperverband and DWD for 15 di erent durations are available
as supplementary material to this study [Fauer et al., 2021a]. The d-GEV analysis is
based on the R-packagéDF, available on CRAN (https://CRAN.R-project.org/
package=IDH [Ulrich et al., 2020, 2021b, R Core Team, 2020].
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4.6 Extended Research: Flexible and Seasonal
Modeling

This section is not part of the publication that was presented in the previous sections.
In Sec. 4.6.1, the ndings of Ulrich et al. [2021a] are summarized. | contributed
to the work presented in Ulrich et al. [2021a] by helping to interpret the results,
regarding the exibility of long-range durations. In Sec. 4.6.2, the results are put
into perspective by comparing them to the exible IDF model. This publication is
licensed underhttps://creativecommons.org/licenses/by/4.0/

4.6.1 Modeling Seasonal IDF Relations

Ulrich et al. [2021a] used station-based data from 132 stations across Germany
with a minimum temporal resolution of 1 minute. They use a d-GEV with the
ve parameters 2 f+ o, ;; gfromEqg. 2.21. Intensity oset and second
duration exponent , are set to zero. All parameters are estimated with MLE.

Monthly maxima z,, are used, i.e., there are 12 values per year to train the distri-
bution model. In contrast to my model, the d-GEV parameters ~ o and are
modeled as harmonic functions of the month up to the fourth order (2 1;2;3;4)
of both sine and cosine.:
2
X ()

_ ) .. m . .. m ]

with d-GEV-parameters 2 f + o; g and harmonic parameters 1; for sine, and
2 for cosine; and monthm.

The d-GEV shape parameter is kept constant for all months. According to Ulrich

et al. [2021a], this is justi ed by the large uncertainties that are associated with
since it de nes how the distribution tail behaves [Maraun et al., 2009, Rust, 2009,
Fischer et al., 2018]. However, it is possible to improve the model by letting

be a function of month. To achieve this, spatial covariates can be used, because
they increase the amount of available data [Fischer et al., 2019] and decrease the
parameter uncertainty. Both, in Ulrich et al. [2021a] and Fauer et al. [2021b], no
spatial covariates are used and therefore,is kept constant. Also, is kept constant,
since it strongly depends on the estimation of and o and therefore has high
uncertainty Ulrich et al. [2021a].

A stepwise model selection is performed with a two-fold cross-validated log-likelihood.

From the selected nal model,p-quantiles forp = 0:9 are estimated and IDF curves
are shown for each month (Fig. 4.8a). We see that during summer months (orange,
pink and red), IDF curves are steeper than during winter months (light blue colors).
The seasonal variation of intensity is higher for shorter durations (Fig. 4.8b) than for
longer durations. Ford < 1day, the intensities of summer months are consistently
higher than for winter months. The opposite holds true fod > 1 day. Now, imagine
an annual IDF curve that is showing the intensity of annual block maxima over
duration. For each duration, it would follow the upper envelope curve in Fig. 4.8a,
because we always take maxima and model them, and it would atten for> 1 day.
This e ect will be discussed later in this chapter.
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Figure 4.8: Seasonal IDF curves: IDF relations from the seasonal model with 95%
bootstrap con dence intervals(a) for each month. b: Seasonal intensity variations
for di erent durations. This gure is copied from [Ulrich et al., 2021a].

Ulrich et al. [2021a] developed a method to derive annual IDF curves from the
seasonal model. Since the probabilities for a given quantile change from month to
month we obtain as annual non-exceedance probability

\12
Pann = Gm(Gn;m; m) (4.19)

m=1

with month m, quantile g,,, d-GEV parameter vector ., evaluated with the covari-
ates for the corresponding month and monthly d-GEV distribution functionG, (¢).
For an annual IDF curve, we need annugb-quantiles gy, corresponding to an an-
nual non-exceedance probability,n,. Unfortunatelly, the annual d-GEV relation
G(Qg) is unknown. Only, the monthly distribution G, (¢,) and the annual probability
Pann are known. Therefore, we solve Eq. 4.19 fop, numerically:

Y2 |
G, = arg m(gn Pann Gm(gm; m) (4.20)

m=1

This way, annual IDF curves can be derived from the seasonal model (Fig. 4.9). In
the upper panel, the QSI for the annual IDF curve, derived from the monthly model
is shown, with an annual IDF curve derived from an annual model as reference.
Black points in the QSI plot indicate that the observational record length is longer
than the return period that is associated with the non-exceedance probability. The
lower panel shows three quantiles from both models. Box-plots show the empirical
guantiles of the data.

To conclude these ndings, it was found empirically, that monthly IDF curves are
less steep in winter than in summer (Fig. 4.8). This leads to a attening of the
annual IDF curves that are based on monthly d-GEV for long durations. Looking

CHAPTER 4. FLEXIBLE AND CONSISTENT QUANTILE ESTIMATION 57



Figure 4.9: Comparison of seasonal and annual IDF curves: IDF curves from
annual maxima (black) are compared to IDF curves from monthly maxima (green).
Box plots show empirical quantiles of the annual maxima. Upper panel: QSI for
seasonal model with annual model as reference. This gure is copied from [Ulrich
et al., 2021a].

at this consistent attening, the question arises whether it is also possible to model
this attening parametrically without having to model the monthly variation. This
guestion will be discussed in the following section.

4.6.2 Comparison to Flexible Annual IDF Relations

The exible model from Fauer et al. [2021b, publication 1] was originally intended to
capture the attening of long-duration intensities that were visible in the empirical
data of Ulrich et al. [2020], while the state-of-the-art 5-parameter model [Kout-
soyiannis et al., 1998] wasn't able to include this e ect. The introduction of the
intensity-o set enabled the exible model to describe the data better and improved
modeling performance in certain use-cases [Fauer et al., 2021b, publication I]. Fur-
thermore, we see that the attening of empirical annual maxima arises from the
di erent slopes of monthly IDF relations.

To explain how the exible model has the potential to account for seasonal e ects
while only using annual maxima, a simple analysis compares the seasonal model
from Ulrich et al. [2021a] with monthly block maxima to the exible model from
Fauer et al. [2021b] with annual block maxima.

First, the model from Ulrich et al. [2021a] is reproduced. Di erent from their model,
we do not perform a model selection and all ve parameters;(~p; ; ; ) are es-
timated (and none is set to zero). Therefore, for each of the seasonal-depending
d-GEV parameters ~ o; , we need to estimate 9 parameters, additional to the 2
d-GEV parameters that are independent from month. This results in 93 +2 = 29
parameters in total. This model might be heavily over- tted, but enables a computa-
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tionally low-cost analysis and it shall su ce for the purpose of a simple visualization
of the e ect.

Figure 4.10: Comparison of seasonal and exible model: The exible model
(thick solid black curve) roughly follows the intensities of whichever month has the
highest intensity for the respective duration step ang = 0:9. Also, the exible
model's shape is similar to the shape of the annual model that is derived from the
seasonal model.

To visualize the comparison of both approaches, Fig. 4.10 shows IDF relations (Fixed
to p=0.9) of the seasonal model in red (June), blue (December) and thin black dotted
(annual IDF, derived from monthly model, Eq. 4.20) and additionally the exible
model in solid thick black. Note, how the quantiles in the exible model follow
the monthly quantiles from June in the seasonal model (red) for short to medium
durations and then attens to follow the monthly quantiles from the December for
long durations. The curve from the exible model builds an upper envelope to the
curves from the seasonal models. This shows how the exible annual model is able
to capture e ects due to seasonal variations in monthly IDF relations without the
need for a seasonal model including its expensive model selection. The shape of the
annual model derived from seasonal maxima (dotted black) is similar to the shape
of the exible annual model (solid black), emphasizing how well the exible model
performs regardless of only annual values. The con dence interval (determined by
100-fold non-parametric bootstrapping) of the exible model is smaller (not shown)
than the con dence intervals of June and December in the seasonal model. The
interval of the exible model is not shown to not overload the gure and because
its informative value is limited. This is because the seasonal model, here, did not
undergo a model selection and so, much more parameters (29) than necessary had to
be tted, increasing the uncertainty and creating an unfair condition for comparison

to the exible model.
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Chapter 5

Meteorological, Impact and
Climate Perspectives of the 29
June 2017 Heavy Precipitation
Event in the Berlin Metropolitan
Area (excerpt)

A. Caldas-Alvarez, M. Augenstein, G. Ayzel, K. Barfus, R. Cherian, L. Dillenhardt,
F. S. Fauer H. Feldmann, M. Heistermann, A. Karwat, F. Kaspar, H. Kreibich,
E. E. Lucio-Eceiza, E. P. Meredith, S. Mohr, D. Niermann, S. Pfahl, F. Ru, H.
W. Rust, L. Schoppa, T. Schwitalla, S. Steidl, A. H. Thieken, J. S. Tradowsky, V.
Wulfmeyer, J. Quaas.

Nat. Hazards Earth Syst. Sci., 22, 3701{3724022, doi: 10.5194/nhess-22-3701-
2022 licensed underhttps://creativecommons.org/licenses/by/4.0/ )
Contribution: | wrote the last paragraph of Sec. 5.2 (Methods) and contributed
to the beginning of this chapter. | wrote the last three paragraphs of Sec. 5.3
(results) and contributed to the beginning of this chapter. | conducted the analysis
of duration-dependent return periods, including the implementation of the code. |
created the return period maps (Fig. 5.2a) and IDF curves (Fig. 5.2b). | contributed
to the fourth paragraph of Sec. 5.4 (Conclusions). The abstract (printed in this
thesis to add context) was written by A. Caldas-Alvarez and Sec. 5.1 (printed in
this thesis to add context), regarding the used data, were written by S. Mohr and
J. S. Tradowsky.

Abstract

Extreme precipitation is a weather phenomenon with tremendous damaging poten-
tial for property and human life. As the intensity and frequency of such events is
projected to increase in a warming climate, there is an urgent need to advance the
existing knowledge on extreme precipitation processes, statistics and impacts across
scales. To this end, a working group within the Germany-based project ClimXtreme,
has been established to carry out multidisciplinary analyses of high-impact events.
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In this work, we provide a comprehensive assessment of the 29 June 2017 heavy pre-
cipitation event (HPE) a ecting the Berlin metropolitan region (Germany), from
the meteorological, impacts and climate perspectives, including climate change at-
tribution. Our analysis showed that this event occurred under the in uence of a
mid-tropospheric trough over western Europe and two short-wave surface lows over
Britain and Poland (Rasmund and Rasmund 1), inducing relevant low-level wind
convergence along the German-Polish border. Over 11000 convective cells were
triggered, starting early morning 29 June, displacing northwards slowly under the
in uence of a weak tropospheric ow (10 ms! at 500 hPa). The quasi-stationary sit-
uation led to totals up to 196 mmd !, making this event the 24" most severe in the
1951-2021 climatology, ranked by means of a precipitation-based index. Regarding
impacts, it incurred the largest insured losses in the period 2002 to 20%7 60 Mill)

in the greater Berlin area. We provide further insights on ood attributes (inunda-
tion, depth, duration) based on a unique household-level survey data set. The major
moisture source for this event was the Alpine-Slovenian region (63 % of identi ed
sources) due to recycling of precipitation falling over that region 1 day earlier. Im-
plementing three di erent Generalized Extreme Value (GEV) models, we quanti ed
the return periods for this case to be above 100 years for daily aggregated precipi-
tation, and up to 100years and 10years for 8h and 1h aggregations, respectively.
The conditional attribution demonstrated that warming since the pre-industrial era
caused a small, but signi cant increase of 4% in total precipitation and 10% for
extreme intensities. The possibility that not just greenhouse-gas-induced warming,
but also anthropogenic aerosols a ected the intensity of precipitation is investigated
through aerosol sensitivity experiments. Our multi-disciplinary approach allowed
us to relate interconnected aspects of extreme precipitation. For instance, the link
between the unique meteorological conditions of this case and its very large return
periods, or the extent to which it is attributable to already-observed anthropogenic
climate change.

5.1 Data sets

5.1.1 Observations

RADar KLIMatologie (RADKLIM) is a precipitation climate data set derived
from the C-band radar network (17 radar sites) operated by DWD. The data set
comprises two products; the gauge-adjusted one-hour precipitation sum (RW) and
the quasi gauge-adjusted ve-minute precipitation rate (YW), with 1 1 km? resolu-
tion. The data are post-processed using the Radar-Online-Aneichung (RADOLAN)
method, correcting existing artifacts by adjusting precipitation sums from the radar
with precipitation measurements from rain gauge stations [Bartels et al., 2004]. Due
to the dense spatial and temporal resolution, RADKLIM detects short-term, con-
vective extreme intensities frequently missed by station data [Lengfeld et al., 2020,
Winterrath et al., 2017].

Deutscher Wetterdienst (DWD) stations: Daily precipitation measurements

from the DWD high-density network were used as reference DWD [2021]. The
data are quality controlled, but a continuous homogenization is not applied. Hence,
the data could be subject to partial inhomogeneities, such as station relocations or
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changes in the instrumentation [Kaspar et al., 2013]. The DWD high-density net-
work has a high accuracy and resolution [Kaspar et al., 2013] and therefore we select
it for validation. Nonetheless, this dataset is used for deriving the REGNIE gridded
product and for adjusting RADKLIM which makes these data sets dependent. We
concede this dependency to pro t from the best rain gauges product available in the
region.

5.2 Methods

5.2.1 Generalized Extreme Value Statistics

The standard GEV distribution applied to heavy precipitation in this work is given
by Coles [2001]: |

1=
G(R) = exp 1+ R , (5.1)

where denotes the location parameter, the scale ( > 0) and the shape
parameter. A special case of the standard distribution (Eqg.5.1) is the Type | or
Gumbel distribution [Gumbel, 1958] obtained in the limit ! 0 used as well in
previous works [e.g. Grieser et al., 2007, Svensson and Jones, 2010, Van den Besselaar
et al., 2013, Maity, 2018, Piper et al., 2016]:

F(R) =exp exp _R : (5.2)

This simpli cation allows estimation of the two free GEV parameters and by
means of the Method of Moments, which is less computationally intensive and has
been proven useful in the past [e.g. Svensson and Jones, 2010, DWA, 2012, Piper
et al., 2016]. Characteristic of the Gumbel distribution is an exponential decay of the
probability density function, meaning that only two free parameters of the GEV- t
have to be estimated. However, the Gumbel is not a heavy-tailed distribution and

is characterised by constant skewness and kurtosis.

We t block maxima series to Egs. 5.1 and 5.2 obtained by splitting the sample into
non-overlapping intervals of the same size and then taking the maximum value of
each interval. Previous studies have demonstrated that the annual block maxima
approach is suitable for mid-latitude precipitation series [Kharin and Zwiers, 2000,
Rust, 2009]. We specify the uncertainty of the models by using 95% con dence in-
tervals obtained from 1000-fold bootstrapping (re-sampling with replacement) from
the maxima series of the original data set [Efron and Tibshirani, 1993], following the
ordinary non-parametric bootstrap percentile method of Mekse et al. [2018]. From
these 1000 samples the 2.5% and 97.5% quantiles of the wanted property (either
return periods or return values) indicate their con dence boundaries.

We further implement a duration-dependent Generalized Extreme Value (d-GEV)
model with 7 parameters, which covers di erent durations to achieve a more e cient
usage of observations. This way, information about short time scales (minutes to
hours), can be derived, to a certain extent, from information of longer time scales
(hours to days). Duration-dependency is incorporated into the GEV in order to
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reduce assumptions about the underlying distribution and have a free shape param-
eter in the GEV [Coles, 2001]. Another reason for using the GEV instead of one
of their special cases, is that Gumbel, as well as the other two GEV special cases
Fechet and Weibull, require large data sets to ful ll the limiting theorem for large
block sizes [Papalexiou and Koutsoyiannis, 2013]. The GEV includes all three types
and is a good choice if block size does not reach the asymptotic regime required for
Gumbel. A duration-dependent Generalized Extreme Value (d-GEV) distribution
as suggested by Koutsoyiannis et al. [1998] and re ned by Fauer et al. [2021b] is
introduced by varying the characteristic parameters of the GEV:
!

x (d ¥

(d) ’
(= od+ ) (" P+
(d)=~(od+ ) + ),

= const.

Gy(x;d) =exp 1+ (5.3)

where ~is the re-scaled location parameter,q is the scale o set, is the duration
oset, ;and ,are duration exponents and is the intensity o set. Parameters were
estimated with Maximum Likelihood Estimation (MLE), a exible and e cient pa-
rameter estimation method which is known to provide asymptotically unbiased and
smallest-possible variant estimates [Davison and Huser, 2015, Coles, 2001]. How-
ever, MLE is more computationally expensive than the method of moments. Jurado
et al. [2020] justi ed the use of the MLE for duration-dependent extreme precip-
itation studies as the explicit consideration of the dependence between durations
in a model leads to only marginal di erences in estimation. The d-GEV has been
recently applied successfully by Ulrich et al. [2020].

5.3 Results
5.3.1 GEV Models and Return Periods

We provide an estimation on how rare the 29 June 2017 HPE was, by calculating
probabilities of exceedance and return periodstgp and tting observations of
extreme precipitation to GEV models (Sec.5.2.1). Return valueRVgp (quantiles)
and the associated return periodsgp, or directly the probability of exceedance®,

are related to the GEV distribution astgp = 151 G(RVgp)) [Coles, 2001]. For
example, a probability of exceedance p=0.01 for annual data can be interpreted
as on average 1 event in 100years. This information is also used by reinsurance
companies and hydrological studies.

We start by estimating return periods using the Gumbel distribution (Eq.5.2) per
grid-point (1  1km?) for 24-hour precipitation totals in Germany based on a 70
year time series (REGNIE; Fig.5.1). The results show return periods of more than
200years between Ludwigslust (MV), Perleberg (BB) and Berlin; covering a total
area of 8.729 kri. Past work has shown how estimated return periods that are much
longer than the observational record exhibit large uncertainty [Makkonen, 2006,
Grieser et al., 2007]. This is why we truncate all return periods above 200 years
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Figure 5.1. Return periods of the 24-hour precipitation totals based on REGNIE
using a Gumbel distribution (Extreme Value Type 1; reference period: 1951 -{2020).
Note: All return periods above 200 years are shown uniformly in one colour due to
statistical uncertainty (see text for more information). Coloured polygons (in pink,
grey, brown) including the associated averaged return period (RP) indicate three
di erent-sized averaging areas explained in Table [not shown in this excerpt] and in
the text.

(Fig.5.1), acknowledging that the 70 year observational record might be too short
to provide accurate values for such long return periods.

One useful approach to reduce uncertainty in the estimation of return periods from
temporally short observational records is using di erent accumulation durations be-
tween 1 hour and 3 days (Eq.5.3), however at the expense of more demanding com-
puting power. The d-GEV model (Eq.5.3) is applied to grid point intensity from
RADKLIM RW (2001{2020; Fig.5.2a). For this dataset, the estimated d-GEV
shape parameter has a median value of 0.24. Accumulations (duratiod) of one
day showed very high return periods>X 800 years) for seven grid points in north-
western Berlin. Over this area, most grid points showed return periods between
50 and 200 years. The small grid box size of 1kmlkm could explain the very
high return periods in cases of statistical outliers. On shorter time scales of 8 hours
and 1 hour, north-western Berlin shows lower return periods, between 10 and 100
years for the two former temporal aggregations and between 2 and 10 for the latter
(Fig. 5.2.a). The short time range of historical RADKLIM data (20 years), however,
limits the reliability of these spatially resolved return period estimates.

To overcome the short time span of the RADKLIM dataset, we implement a
duration-dependent GEV model (Eqg. 5.3) on DWD ground station data at Berlin-
Tempelhof (Fig. [not shown in this excerpt]). The return levels (quantiles) for
any exceedance probability and time scale (duratiod) are presented in Intensity-
Duration-Frequency (IDF) curves (Fig. 5.2). This station was chosen because data
records are longer than the RADKLIM data. 10-minute aggregations span 1995 to
2020 and daily aggregations cover the period 1948 to 2020. The longer time series
lead to shorter and | due to the reduced uncertainty | potentially more plausible
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Figure 5.2: a): Return periods of this event's intensity from gridded RADKLIM
(1km 1km) data using a duration-dependent GEV distribution. Red dot: position
of DWD weather station Tempelhof, used to construct the IDF curve in (b).b):
IDF curves from station-based data. The coloured lines show return periods from
the d-GEV model, the black line indicates intensity of the event on the 29 June
for di erent temporal measurement resolutions. Empirical quantiles are denoted as
coloured \+". 95% con dence intervals come from 1000-fold bootstrapping.

return periods. The analysis shows return periods of 100 years for durations above
10 hours, 114 years for daily aggregations. However, con dence intervals in the IDF
curves also remain large (Fig.5.2b).

All used approaches highlight that the analysed event was rare, with return periods
longer than 100years in the Berlin area. The e cient use of information from the
observation data (accumulation periods from 10 minutes to 3days) lead to more
plausible return period estimation from the d-GEV model, compared to Gumbel
using daily accumulations. However, long data records with high measurement
frequency and enough computing resources are not always available, in which case
a non-duration-dependent model using daily data could be a better choice. Finally,
including a climate change signal into the d-GEV estimation [Ganguli and Coulibaly,
2017] could improve the results, since the assumption of a non-changing climate leads
to over-estimated return periods for events that become more likely with climate
change.

5.4 Conclusions and Outlook

[...] Three dierent approaches using Generalized Extreme Value (GEV) models
(Gumbel, standard, and duration-dependent) quanti ed the return period of this
event to be over 100years for daily precipitation aggregations. For higher tempo-
ral resolution observations, the return periods were reduced to intervals between 10
and 100 years for 8-hour aggregations, and between 1 and 10years for 1-hour aggre-
gations. For spatial averages over an area of the scale of the event (11K108),
return periods were of 75 years. While these techniques provided a good estimation
of the probability of exceedence and return periods of such events, our analysis high-
lighted the large uncertainty of obtaining large return periods ¥ 100 years) from
temporally 'short' databases & 70 years in our case). To overcome this problem,
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we suggested using station data, which is usually available for longer periods, at
di erent temporal resolutions with a duration-dependent GEV model. Thereby we
were able to increase the sample size and shrink the con dence intervals. Other
interesting approaches to be tested in further research are, considering the climate
change signal for d-GEV estimation [Ganguli and Coulibaly, 2017], or using spatial
models [Ulrich et al., 2020, Berghauser et al., 2021] that combine information from
several stations into one model using spatial covariates. [...]

Data Availability: REGNIE, RADKLIM, German precipitation station and
CatRaRe data from the DWD used in this paper are freely available for research
under the Open Data Portal DWD [2021]. Lightning EUCLID data are not freely
available but can be requested from the Blitz-Informationsdienst von Siemens
(https://new.siemens.com/de/de/produkte/services/blids.html ). ERA5
data are available via the Copernicus Climate Change Service (C38itps:
/[climate.copernicus.eu/ ; last access: 01 January 2022) [Hersbach et al.,
2018]. ECMWEF analysis data can be obtained fronmttps://apps.ecmwi.int/
archive-catalogue/?type=an&class=od&stream=oper&expver=1 (last access: 24
August 2021) (ECMWEF, 2021). The user's a liation needs to belong to an ECMWF
member state. The WRF model simulation data can be made available by TS
upon request. The COSMO-CLM simulations have been deposited in an open-
access repository at the World Data Centre for Climate (WDCC) under the per-
manent link https://cera-www.dkrz.de/WDCC/ui/cerasearch/entry?acronym=

DKRZ LTA 1152 ds000301IThe survey data of the Lohmar (2005), Hersbruck
(2005) and Osnabnack (2010) events are available via the German ood loss database
HOWASZ21 at https://doi.org/10.1594/GFZ.SDDB.HOWAS21 [German Research
Centre for Geosciences GFZ, 2022]. The data of the Munster (2014) event will
be added to HOWAS21 by the end of 2023 and can currently be provided upon re-
qguest. The Leegebruch (2017) and Berlin (2017) surveys are available upon request.
ICON simulations (aerosol attribution) are archived in long-term storage at DKRZ
and as redundant copy at Leipzig University, please send data requests to RC.
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5.5 Extended Research: Further Applications

This section is not part of the publication that was presented in the previous sec-

tions. It extends the chapter by demonstrating another use-case where the exible
IDF model can be used to analyze the characteristics of a speci c extreme event.
Furthermore, two di erent models, one with large-scale covariates and one without

them, are compared.

Estimating the distribution of extreme precipitation provides important insights into
the statistical characteristics of extremes on a given location. Another use-case is the
evaluation of speci c extreme events by comparing their intensities to their statistics
and calculating their exceedance probabilities or return periods. In this section, the
exible model is applied to data from stations that recorded precipitation during the
extreme event on the 14-07-2021 in the Ahr-region, Germany. During this event, 185
people in Germany lost their lives and many homes as well as infrastructure were
destroyed by the ooding after extreme precipitation. To calculate return periods
for such events, although they come with an uncertainty, helps to reduce impacts
of extreme events since precautionary measures can be taken and resources can be
allocated e ciently to places where they are needed most.

IDF-curves can be used for two purposes, (1) to show the statistics of extremes
in terms of probabilities or return periods and, (2) to show how the intensity of a
speci ¢ event relates to the statistics (Fig. 5.3). For the second purpose, we add
the intensity of the current event to the IDF curve with a black line. Therefore, we
de ned a new block, starting 10 day before the 14-07-2021 and ending 10 days after.
The maxima of this block for each durationd are considered thentensity of the
event. Now, the event is visually put into the perspective of the statistic of extreme
precipitation at this location. While the probability or return period of a specic
event can be calculated easily, it is hard to obtain it visually from the IDF curve,
since thep-quantiles for individual curves are associated to a xed non-exceedance
probability, here p 2 f 0:1; 0:01; 0:002 (Fig. 5.3a). When watching an IDF diagram,
one can easily detect the duration that is associated with the highest non-exceedance
probability of the event. To determine the exact non-exceedance probability, one
needs to interpolate between IDF curves, since usually, the intensity of the event
lies somewhere in between the xed non-exceedance probabilities. Therefore, we
developed a new visualization that shows the probability (left ordinate axis) or
return period (ordinate axis) with respect to duration (abscissa) (Fig. 5.3b), and call

it frequency-duration curve Here, the intensity of the event is given ap-quantile

g and its non-exceedance probabilitp(®) is estimated, the other way around than
usually in IDF curves. This is done for each duratiord. Con dence intervals are
estimated with the bootstrap method, analog to Sec. 3.5. To not overload the
gure, we show only selected con dence intervals in the return-level plot. Since the
intensity of the event clearly stays inside the 500 year-return period (see Fig. 5.3a,
purple line and shade), we only show the con dence interval for the average return
period of 100 years (green). The non-exceedance probability of the event far exceeds
5000 years (Fig. 5.3b). The gray-shaded background shows the length of the record
and implicates the uncertainty of estimated return periods that are far above the
record length.

Estimated return periods for other stations, that were a ected by the same event,
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Figure 5.3. Evaluation of an extreme event: An exemplary station, Wip-
perfarth-Gardeweg, was chosen to show the extremeness of the event on 14-07-2021
in the Ahr-region, Germany. (a): IDF curves for di erent probabilities (colored)

and intensity of the event (black) from di erent measurement resolutions (line type).

(b): Frequency-Duration curve for the same event.

are similar. Considering the high return periods, we ask whether such events are
really so unlikely or whether another e ect might cause these results. The model

that leads to these high return periods assumes a stationary climate that does not
change with time. Assuming, that exceedance probabilities of extreme precipitation

events change within climate change in Central Europe [IPCC, 2021], a model that
includes a non-stationary component might be a better choice. The probability of

an extreme event that occurs at a later stage in a changing climate will be under-
estimated by a stationary model, because the modeled stationary distribution is

in uenced by a less extreme climate from the past.

Here, we test the hypothesis, whether a non-stationary model leads to smaller re-
turn periods due to its capability of acknowledging that the probability of extremes
increases with time. Therefore, we let the rescaled locationand scale o set ¢ lin-
early depend on the year. The analysis, conducted in the previous paragraphs was
repeated and IDF curves as well as the frequency-duration curves (Fig. 5.4) of the
large-scale model look similar to the stationary model (Fig. 5.3). However, the ex-
act numbers show di erences. The smallest exceedance probability of the stationary
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Figure 5.4: Evaluation of an extreme event with a non-stationary model:
Analogously to Fig. 5.3, the same station data has been used in the model, but this
time including large-scale covariates. Results are similar, however maximum return

periods are smaller.
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model occurs at a duration of 15 hours and has a value pf = 3:9 10 7. On the
other hand, the non-stationary model has its smallest exceedance probability at a
duration of 14 hours withp. = 3:7 10 ® which is one magnitude higher than in the
stationary model.

The return periods or probabilities that are shown here for the stationary and non-
stationary model, refer to di erent approaches how we conceive the reference climate.
In case of the stationary model (Fig. 5.3), the description of the reference climate
iS more intuitive. Since no systematic changes in location, scale or other d-GEV
parameters is assumed, the estimated return periods refer to the climate that has
been observed during the training period of the model, in this case 1950-2018 for the
station Wipperiarth-Gardeweg. In case of the non-stationary model, return periods
are less intuitive, as described in Sec. 2.2, since return periods that are associated to a
xed return level g are not constant any more. Therefore, we prefer to communicate
non-exceedance probabilitieg, because a changing probability in time might be less
irritating than return-periods changing in time. Now, the reference climate is not
the observed climate during the training period, but the climate at the time, where
the probability or return period is evaluated. That also means, that the reference
climate is not associated with a time span, as for the stationary model, but with a
single point in time.

Let us summarize these ndings: Under the assumption that the climate becomes
more extreme, we proposed a more complex non-stationary model which is able to
capture the changing probabilities of extreme intensities. In this selected exam-
ple station, we nd an increase of exceedance probabilities. This station has been
selected, because it has a long observation record (69 years) and a comparison of
modeled and empirical quantiles (qqg-plot) suggests good convergence of the param-
eter estimation. For a more general statement regarding the change of exceedance
probabilities, and to improve robustness of the results, more stations need to be an-
alyzed and signi cance tests need to be applied. This will be done in the following
chapter.

72 CHAPTER 5. METEOROLOGICAL IMPACTS - A CASE STUDY



Chapter 6

Non-Stationary Large-Scale
Statistics of Precipitation
Extremes in Central Europe
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under https://creativecommons.org/licenses/by/4.0/
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Abstract

Extreme precipitation shows non-stationarity, meaning that its distribution can
change with time or other large-scale variables. For a classical frequency-intensity
analysis this e ect is often neglected. Here, we propose a model including the in u-
ence of North Atlantic Oscillation, time, surface temperature and a blocking index.
The model features exibility to use annual maxima as well as seasonal maxima to
be tted in a generalized extreme value setting. To further increase the e ciency of
data usage, maxima from di erent accumulation durations are aggregated so that in-
formation for extremes on di erent time scales can be provided. Our model is trained
to individual station data with temporal resolutions ranging from one minute to one
day across Germany. Models are chosen with a stepwise BIC model selection and
veri ed with a cross-validated quantile skill index. The veri cation shows that the
new model performs better than a reference model without large-scale information.
Also, the new model enables insights into the e ect of large-scale variables on ex-
treme precipitation. Results suggest that the probability of extreme precipitation
increases with time since 1950 in all seasons. High probabilities of extremes are
positively correlated with blocking situations in summer and with temperature in
winter. However, they are negatively correlated with blocking situations in winter
and temperature in summer.
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6.1 Introduction

Hydrologic extremes are changing. This is supported by the sixth IPCC assessment
report (ARG6) [Seneviratne et al., 2021a] which nds that the majority of measure-
ment stations in Europe shows a signi cant increase in extreme precipitation over
durations of 1 day and 5 days between 1950 and 2018. Trends might be variable
in sign and value across regions and seasons [Croitoru et al., 2013, Fischer et al.,
2015, Chiew et al., 2009, Arnbjerg-Nielsen, 2012]. For example, a decreasing 5-
day-maximum-precipitation (RX5day) by the year 2100 is reported [lturbide et al.,
2021, Guterrez et al., 2021] in a 2C warming scenario in summer and increasing
RX5day in the other seasons. These facts show the heterogeneity of developments
in extreme precipitation. Furthermore, they emphasize that precipitation extremes
are changing in a non-stationary fashion and the underlying distribution is subject
to change with time and other large-scale variables [Schlef et al., 2023, Rootzn and
Katz, 2013].

Extreme value statistics describe the relation between intensity and occurrence prob-
ability of extremes. One strategy is to describe block-maxima with the Generalized
Extreme Value (GEV) distribution. Here, the block size is (1) one year for annual
models or (2) one month for seasonal models. Even in a stationary setting, extremes
are di cult to model since they are rare by de nition. Increasing the complexity of
the model by describing the dependence of extremes on other variables (covariates)
is a challenge which can be faced by more e cient use of data. More information
can be processed by using spatial models with GEV parameters depending on the
location. Such a model has been created by Ulrich et al. [2020] who were able to de-
crease the uncertainty, but not to generally increase model performance score-wise.
Here, nearby stations are modeled with a smooth transition and information gain,
but over large distances it is di cult to capture the underlying patterns. Several
more studies acknowledge the spatial dependence of extreme precipitation [Davison
et al., 2012, Schliep et al., 2009, Blanchet et al., 2016].

Another way of increasing data use e ciency is the inclusion of di erent duration
accumulation steps. This is not only bene cial for the e ciency, but also because
e ects from covariates occur over di erent time scales. Therefore, precipitation data
from di erent measurement resolutions (from minutes to days) can be accumulated
to various durations (duration steps). With this data, duration-dependent Gener-
alized Extreme Value (d-GEV) distributions [Nguyen et al., 1998] have been used
so that more information of each year is processed, as maxima of di erent dura-
tion steps are fed into the model. The results of such analyses are often shown
in Intensity-Duration-Frequency (IDF) curves [Chow, 1953]. The relation between
duration and intensity can be described by di erent parametrizations, including mul-
tiscaling [Gupta and Waymire, 1990], duration-o set [Koutsoyiannis et al., 1998] and
intensity-o set [Fauer et al., 2021b]. Some of these duration-dependent approaches
have been combined with large-scale in uence on precipitation by Ouarda et al.
[2019]. In their study, the d-GEV parameters depended on large-scale covariates,
e.g., time and several teleconnection patterns. This resulted in statistics for three
locations in the USA. However, there is no study known to us which covers Central
Europe with such a model. Our approach uses a similar method as Ouarda et al.
[2019] and the main new aspects are: (1) We cover Germany with 199 precipitation
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gauges. (2) We use large-scale information (NAO index, a blocking index, spatially
and temporally averaged temperature and humidity) which might t better to the
atmospheric circumstances in Central Europe. (3) Our model features advanced
exibility regarding di erent durations and probes more potentially in uencing co-
variates. (4) We use an advanced veri cation method to assess whether the use of
large-scale information improves the model, aside from new insights into large-scale
e ects.

Cheng and AghaKouchak [2014] modeled extreme precipitation depending on large-
scale covariates in a Bayesian setting which has the advantage that uncertainty
of parameters can be estimated in a much more elaborated way. A disadvantage
of Bayesian models is the need to choose a prior manually. The results might be
sensitive to this choice of hyper-parameter. Another advantage of our study is the
use of a consistent model that includes duration-dependence in one modeling step.

Our analysis aims for the identi cation of meaningful large-scale variables. There-
fore, we investigate the in uence of blockings, North Atlantic Oscillation (NAO),
temperature, humidity and time.

A blocking situation is characterized by an interruption of the westerly ow due

to persistent anticyclones [Otero et al., 2022]. The presence of a blocking situa-
tion can in uence the appearance of heavy precipitation. The change of odds for
heavy precipitation in presence of blocking depends heavily on season and region
[Lenggenhager and Martius, 2019]. We will compare our ndings with the literature
with respect to our de nition of blocking and choice of region in Sec. 6.4.

The NAO is the most important teleconnection pattern in Europe [Barnston and
Livezey, 1987]. The change of extreme precipitation with respect to NAO has been
investigated by Casanueva et al. [2014] and the association between both variables
is opposite in winter (positive) and summer (negative) in Germany. There, precip-
itation trend over time in Germany is mostly non-signi cant both in summer and
winter.

Temperature and extreme precipitation show a correlation which has received con-
siderable attention in the literature [Aleshina et al., 2021, Westra et al., 2014]. The
Clausius-Clapeyron scaling describes the dependence between potential water con-
tent and air temperature. It provides an explanation for increasing rain amounts in
warmer air. However, the connection between extreme precipitation and tempera-
ture is more complex. After correcting for the Clausius-Clapeyron scaling, the sign
of the correlation coe cient changes depending on the temperature regime and is
negative (positive) for warmer (colder) temperatures in Australia [Hardwick Jones
et al., 2010]. The same applies to Europe, where temperatures aboveCtead to
less extreme precipitation [Drobinski et al., 2016]. In North-America, the correlation
between both quantities is consistently positive [Mishra et al., 2012].

The temporal trend, described as change in time, has to be treated carefully as time
in most cases is not physically in uencing precipitation extremes, but it is a proxy
for other e ects that in uence meteorological extremes. These e ects are highly
non-linear and therefore di cult to describe. Time is thus an interesting covariate
as it represents multiple e ects. The goal is, however, to integrate more physically
relevant covariates and reduce the in uence of time as covariate.
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6.2 Data and Methods
6.2.1 Data

We use precipitation data from three di erent sources. (1) The German meteoro-
logical service (DWD) provides data from stations across Germany and we use 86
stations that cover both daily and minutely resolution (see Fig. 6.1b). This data
is publicly available [DWD, 2021]. (2) Additionally, data from three DWD sta-
tions with long time ranges (longest with 57 years) and 5-minute resolutions were
provided to us which are not publicly available (see Acknowledgments). (3) Further-
more, the Wupperverband provided data from 57 stations with daily data, 6 stations
with hourly data and 18 stations with minutely data (see Fig. 6.1c). Stations vary
in length of time series and availability of high-temporal-resolution measurements
(Fig. 6.1a-c). Di erent stations that have a distance of less than 250m were grouped
together, since precipitation amount should not change considerably. Possible du-
plicates, i.e., more than one value for a speci c station and duration and year might
occur because di erent stations were merged or because both minutely and daily
measuring devices will provide an accumulated rainfall value for duratioms 24h.

In this case, values from the lower measuring frequency are omitted.

Figure 6.1: Temporal and spatial distribution of station data: a): Number of
stations (accumulated) that provide data for each measurement frequency (color).
b) and c): Stations (dots) with measurement frequency (color) and length of time
series (radius).c): Zoom into Wupper Catchment area.

The NAO index is obtained from the National Oceanic and Atmospheric Admin-
istration (NOAA) and the Climate Prediction Center (CPC), where it is openly
available [NOAA, 2022]. We use the dataset with monthly values which is based on
a Rotated Principal Component Analysis, starting in 1950.

The mean surface air temperature (tas) and relative humidity over Germany are
obtained from the ERAS dataset with a daily resolution of 0.25 The data are
spatially averaged between AV and 15 W longitude and between 45N and 55N
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latitude. This way, one value per time step indicates the mean temperature on a
large scale. Data is available from 1950 to 2021 [Bell et al., 2020].

The blocking information is inferred from a Binary Blocking Index (BBI), using
gridded daily ERA5 data (by 2.5). It is based on the two-dimensional blocking
index from Scherrer et al. [2006], Schuster et al. [2019] with minor modi cations. The
BBI of the grid elds is averaged over Scandinavia, because atmospheric blocking
situations over this region are found to have an in uence on convection in Central
Europe [Mohr et al., 2019]. The blocking value that is used here ranges between 0
and 1 and indicates the spatial fraction of grid elds that were identi ed as blocked.

All daily values of the large-scale variables, i.e., NAO, temperature, humidity and
blocking, are averaged over non-overlapping blocks of one month or one year, de-
pending on the model (season or annual). Since all datasets of large-scale variables
start in 1950, precipitation data of earlier years are omitted because our model
cannot handle missing values in any of the predictor terms.

The data for temperature, humidity and blocking index has been accessed using the
ClimXtreme Central Evaluation System framework [Kadow et al., 2021a].

6.2.2 Flexible Model for Stationary GEV Distribution

We model block-maxima of extreme precipitation with the GEV distribution. This
distribution links probabilities or return periods to intensities or return levels. In
this study, an extended version of the d-GEV distribution is used as proposed by
[Fauer et al., 2021b, publication I] whose study will be shortly summarized in this
section. The used model shows a higher exibility for very shortd < 8h) and
very long (d > 24h) durations. This exibility is introduced by a combination of
existing features, namely curvature for short durations and multiscaling for medium
durations, and an extension with an additional parameter which allows for return
levels to deviate from the log-linear relation with duration [Fauer et al., 2021b, Ulrich
et al., 2021a)]. This exible model is described by

1=
G(z) = exp 1+ Z(—dgd) ; (6.1)
(d)= o(d+ ) (F 2+ ; (6.2)
(d)=~(o(d+ ) + ) (6.3)

with the location parameter function (d), the scale parameter function (d), the
rescaled location parameter ~the scale o set o > 0, the shape parameter 6 0O,
the duration o set > 0, the two duration exponents and », the intensity o set

> 0 and durationd > 0. The intensity z is restricted to 1 + (z (d)= o> 0.
If =0, then G(z) =expf [exp(z (d))= (d))]g applies.

The role of the di erent parameters has been explained in detail by [Fauer et al.,
2021b, publication I].The following paragraph provides a brief summary. Location

, scale and shape are characteristic distribution parameters, similar to many
other distributions that describe the rst three moments of the distribution. Adding
duration-dependence to location and scale (Egs. 6.2, 6.3) requires additional param-
eters which have distinct e ects on IDF or Intensity-Duration-Variable (IDV) curves
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(Fig. 6.5, Sec. 6.3.3). Duration o set describes the curvature for short durations
or how strong the curves deviate from a linear log-log relationship between dura-
tion and intensity. Therefore, this parameter is only necessary for stations with
sub-hourly data. The intensity o set describes analogously the attening of the
relationship for long durations. This parameter is mainly important for annual
models and only in combination with the duration o set [Fauer et al., 2021b]. The
Duration exponent describes the slope of the relationship and the second duration
exponent , describes how the slope changes for di erent frequencies (multiscaling).

We estimate distribution parameters from the data with Maximum Likelihood Esti-
mation (MLE), meaning that the distribution parameters are chosen in a way such
that the joined probability of all data points is maximized [Coles, 2001].

The uncertainty of estimated intensities in the stationary model is obtained by
parametric bootstrapping of the corresponding available years at each station. Years
are sampled with replacement. When a year is chosen, data from all durations in
this year are used. With this sample, the model is trained and return levels are
estimated. This process is repeated 1000 times. Then, the 0.025- and the 0.975-
guantile of the bootstrapped return levels determine the 95%-con dence interval.
The uncertainty of estimated intensities in the large-scale model is obtained in the
same way (see Sec. 6.3.3, last paragraph).

6.2.3 Motivation of Non-Stationary Models

In this section, a sliding window approach motivates the need for a non-stationary
model to describe the IDF relation. The methodology that is explained in this
section will not be used for the nal model of this study and will be presented in
Sec. 6.3 (Results). Here, data points are grouped according to the value of a large-
scale variable and d-GEV parameters are estimated for each group. This way, the
change of d-GEV parameters can be shown with respect to a large-scale variable.

The dependence of d-GEV parameters,~,, , and on the large-scale vari-
able temperature is shown in Fig. 6.2 for the example station (Narburg-Barweiler)
in winter. Subsets of the data were created by choosing overlapping ranges of 4
around all possible centered temperature values in the data (rst subset: -6 to

-2 C, second subset: -5.8C to -1.5 C, ...). Then, parameters are estimated for
each of these subsets. The model parameters depending on the chosen subset with
the centered temperature value on the abscissa are plotted as dots with vertical
uncertainty bars. The four lines in di erent color represent a least-squares polyno-
mial t of degree 1 to 4. Solid lines indicate a signi cant coe cient of the covariate
with the highest polynomial order according to a two-sided test on a 0.05 level

of signi cance. Dashed lines indicate polynomials with non-signi cant coe cients
associated with the highest order. For example, the rescaled location parameter
~ shows a signi cant dependence on temperature with polynomials of order 1 or
2 (blue and green solid lines). The histogram (Fig. 6.2f) shows that temperature
values from all stations are not uniformly distributed and explains the higher uncer-
tainty for very low temperatures which can also be seen in the sample sizes, given
as small numbers below the bars in Fig. 6.2a).
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Figure 6.2: An example of dependence of exible d-GEV parameters: (a) ~,

(b) o,(c) ,(d) and(e) onthelarge-scale variabletemperature. Colored curves
represent polynomial models to describe the parameter variability. Signi cance-(
test) is indicated with solid lines. Sample size for every second bar is given in (a).
Data is from the example station Narburg-Bahrweiler, for winter. (f): Histogram

of temperature data for this station.
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6.2.4 Implications for Non-Stationary GEV Model

The results of the previous section helps setting the boundaries for the model selec-
tion of the nal model, i.e., restraining the d-GEV parameters depending on season,
and which large-scale variables will potentially be used for estimating the d-GEV
parameters. These implications are part of a pre-selection process and will be ex-
plained in this section. Afterwards, the systematic model selection will be explained
in Sec. 6.2.5. A pre-selection is necessary to limit the computational costs.

The complex model with seven parameters (Eq. 6.1) is not used in all cases. For
stations without sub-hourly data, we do not use the exible IDF-model, because
the more complex model is not expected to improve results [Fauer et al., 2021b,
publication I]. Here, only ~ o, and are allowed to vary; , , and are held
xed at zero. For winter (DJF), the parameter is held xed at zero, even when
sub-hourly data is available. This parameter is particularly important, when the
annual maxima potentially stem from di erent seasons [Fauer et al., 2021b, Ulrich
et al., 2021a] which is not the case here. Moreover, in winter the parametewould
have been chosen only twice, out of a possible maximum of 104 stations. This
further justi es the exclusion of this parameter from the systematic model selection
process. However, for summer (JJA) this parameter seems to improve the model
since dependences of on large-scale variables were often signi cant (chosen 39
times out of 104). Hence, we allow to vary in summer. Alternatively, all possible
combinations could have been probed and decided for with model selection. But,
these limitations can be motivated by the previous arguments and dramatically
reduce the computational costs of the following analysis. The maximum number
of dependencies on large-scale variables for each parameter is set to two, e.g., the
shape parameter can not depend on more than two di erent large-scale variables.

In this study, annual and monthly block maxima are used. Several other studies show
that monthly maxima can be used to model GEV distributions [Ulrich et al., 2021a,
Rust, 2009, Fischer et al., 2019, Maraun et al., 2009]. Although, there is a debate
whether a block size of one month is su ciently large to ful ll the requirements

of a GEV distribution, since the length of droughts increase [lonita et al., 2022]
and monthly precipitation sums might be zero in some cases. However, since this
study aims for an analysis of di erent seasons which wouldn't be captured by annual
maxima, we chose the monthly block size despite its drawbacks. Using the annual
maxima, i.e., one value per year, easily enables the estimation of average return
periods T since it is connected to the annual non-exceedance probabilipyfrom
the GEV distribution function by T = 1=1 p). Consequently, the exceedance
probability is p. =1 p. When using monthly maxima and three maxima for a
season of 3 months, i.e., 3 values per year, the probabiliy from the distribution
function has to be converted withp=1 (1 ps)*™ to get annual non-exceedance
probabilities p, again.

In the nal model, each d-GEV parameter will be modeled explicitly as a function

of the large-scale covariates. The function will be a polynomial up to the fourth
order and selected via a model selection process (Sec. 6.2.5). For future reference,
we call the new model which contains large-scale information th&ge-scale model
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6.2.5 Systematic Model Selection

Not all d-GEV parameters show a signi cant dependence on large-scale variables and
using too many parameters increases their uncertainty [Di Baldassarre et al., 2006].
Also, over tting might be a potential problem. Therefore, we conducted a stepwise
Bayesian Information Criterion (BIC) model selection for each station individually
as follows: The initial reference model is a d-GEV model without any large-scale
dependence. Then, all possible parameter-variable dependencies (combinations) of
d-GEV parameters (7), large-scale variables (4) and order of polynomial (4) are
added individually (7*4*4=112 possible models) in parallel. Whichever model scores
the lowest two-fold cross-validated BIC is selected as the new reference model. Then,
again all remaining possible model combinations are added to the new reference
model in turns. This procedure is repeated until none of the new models has a lower
BIC than the reference model.

This methodology is used for the nal model. Please note that it di ers from the
methodology, presented in Sec. 6.2.3 which is not used for the nal model but is
meant to motivate the need of large-scale modeling.

6.2.6 Quantile Skill Index

We compare the new model with large-scale information to a reference model without
large-scale information for veri cation. Therefore we use the Quantile Skill Index
(1 Qs 1) which is based on the quantile scoreQS > 0) [Bentzien and
Friederichs, 2014].

The QS compares the modeled quantilg with all data points z, (see Eg. 6.5) and
penalizes data points that are higher than the modeled quantile with a weight that
scales with the non-exceedance probabilifyof the quantile (Eqg. 6.4). This way, the
model is penalized strongly, when data points exceed model quantiles with a high
non-exceedance probability:

(

pu ;u>0
(p Du ;u O

X
QS(p) = po(zi Q) (6.5)

p(U) = (6.4)

The quantile score is calculated for modeldSy ) and reference QSr). For a given
probability p and duration d, the QSI shows whether a model yields more adequate
p-quantiles (values close to 1) than the reference or worse (values close to -1)[cf.
Fauer et al., 2021b, Section 2.5]:

(
sl = 1 QSy=Q0% ;QSu OQSg (6.6)
QSk=QSy 1 ;QSw >QSk: '

The QSI is cross-validated (CV) by using every possible three subsequent years as
testing set and the remaining years as training set (test set in the rst CV step:
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year 1 to 3, second CV step: year 2 to 4, ...). The quantile score from all CV steps
is averaged and the two QS from model and reference are used for the calculation
of the QSI.

Summarizing the processes of model selection (Sec. 6.2.5) and veri cation (this sec-
tion), please note that model selection is conducted with a two-fold cross-validated
BIC and veri cation is done with cross-validated QSI.

6.3 Results

6.3.1 Overview of Selected Models

The number of models in which each parameter-variable combination has been cho-
sen is shown in Fig. 6.3. The black horizontal lines show the mean proportion of
models for this variable. However, the in uence of d-GEV parameters on the model

is very di erent and thus, the black lines just illustrate roughly the importance of

a large-scale variable. All in all, large-scale dependencies were chosen most often
by the rescaled location ~and scale o set o parameters. The d-GEV parameters

Figure 6.3: Model selection results:  For (a) winter, (b) summer, (c) annual
maxima, large-scale variable (abscissa) and d-GEV parameter (color), height of
the bars show how often the stepwise BIC regression chose a large-scale variable.
Horizontal black lines show the average proportion of models for this large-scale
variable and indicate the importance of each variable in the respective season.

for stations where at least 30 years of sub-hourly data are available are shown in
Tab. 6.1. This set of parameters is the result of the stepwise BIC-model selection
process. Stationary parameters are combined in the vector=f+ o;;;; 2, @
for summer and annual models or,, = f+ o;;;; 20 for winter, respectively.
The other parameters show their functional dependency on large-scale variables in
brackets, e.g., the shape parameterdepending on timet with a polynomial of third
order notated as (t3).
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Table 6.1: d-GEV model parameters for se-
lected stations: The variable ,, contains all pa-
rameters without large-scale dependence for winter
and for summer and annual models. The large-
scale variables are nadN, yeary, temperature T,
blocking band humidity h with their corresponding

polynomials.
Station Season Dependencies
Buchenhofen DJF wi ~(TL5h%); o), (n%:TH;
(v3); 2(T%n?)
JIA ,~(yhnh); (h%yh); (v3nd);
B,
annua y~(y; T%); (n°;h9); (n%);
(T3); 2nt; T
Leverkusen DJF w; ~(T%hh); o(yhin?); (h%y9);
(y5T2); (v%); 2n?)
JIA é:()hz);( 03()y4); (n%y3); (yh);
y'), 2(n
annual o(ylz); (TY; (%) (T%; 20y
Neumshle DJF wi ~(0hh); o(Thy*); (h?)
JIA ~(THh%); oy% h%); (v2);

(TH; T4 (Y
annual ; ~«(T%B); (n%y?); (v%n®):; (v hY)

Solingen-Hohenscheid  DJF  ,; ~(y3bY); o(T%hY); (¥v3);

(y?3); 2(yh)
JIA ~(nhy?); o(h®); (v?): (h?)
annual ;(§§y4;b2); (BY; (v3); T4y
2
Seehausen DIF  w;~(T%); o(bY); (¥ 2(n*h?)
JIA ;~(h3); oy®:T%; (n1); (n%TH)
annual ; ~(y*h'); o(h?); 2(n%;bh);
(n% b
Swetten JIA  ~(T% ), o(n?%h?); (yh);
(h%); 2(h3)
annual ; ~(B%;yY); o(bh T4); (h?);
(bY); 2(n?)

Stuttgart-Echterdingen DJF wi ~(B): ~(TY); o(T%n?); (T3);
(y%T3); 2n% 1)
JIA ;~(h%TY); ot h3); (T3y%);
(h*); 2(h3); (T%)
annual ; o(bY); (¥v3); 2(bn?); (y?)
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6.3.2 Veri cation

The large-scale exible d-GEV models were veri ed against exible d-GEV models
without large-scale dependence using the QSI median over all stations. Figure 6.4
shows the QSI for all durations from 1 min to 5 days and non-exceedance probabili-
ties p (return periods) up to 0.995 (200 years) and all seasons (a-c). Non-exceedance
probabilities higher than pe = 0:98 (50-year return period) have to be handled with
care, because the quantile score cannot reasonably evaluate return periods much
longer than the time range of the data. In this regime, a model is incentivized to
yield larger values, since all data points are lower than the modeled quantile and the
QS penalizes larger data points stronger. Therefore, black dots indicate whether the
average number of years is equal or higher than the return period corresponding to
the non-exceedance probability (vertical axis), but still might be unreliable for long
return periods, e.g. 50 years.

Figure 6.4: Veri cation of large-scale model: a-c): The QSI is shown for every
probability and duration with the stationary model as reference model. Positive
values of QSI (red color) indicate an improvement of the large-scale model over the
reference modeld): Histogram over all quantile skill indices. Most QSI values are
between -0.05 and 0.05 (colored in white in a-c) and are considered non-relevant.
Black dots indicate that the corresponding return period is longer than the average
length of time series in the data.

For describing annual maxima (Fig. 6.4c), the large-scale model has a higher QSI in
most durations d and non-exceedance probabilitiep while in winter DJF (a) and
summer JJA (b) there is no clear tendency. Despite there being no improvement

of non-stationary modeling in some duration/probability regimes (blue), the new
models gain insight into dependencies (see Sec. 6.3.3). The color-scale exceeds the
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range of values in the plot because it is chosen consistently with previous studies
evaluating the QSI of d-GEV models [Fauer et al., 2021b, Ulrich et al., 2020].

6.3.3 Large-Scale Dependence of Extreme Precipitation

Figure 6.5: Intensity-Duration-Variable (IDV) curve for selected stations

and selected seasons: Intensity over duration is shown for di erent values of large-
scale variables and for a xed average return period of 5%. Stations are chosen for
the purpose of visualizing the e ect on d-GEV parameters. They do not necessarily
represent a general trend over all stations. Dashed thick black curves show the
reference model without large-scale dependence. Dashed thin black curves show
the con dence interval of the reference, obtained by bootstrapping. Black crosses
show the empirical quantiles.a): Annual model of station Lindscheid, visualizing
the e ect of year on duration exponent and scale oset o. b): Summer model

of station Uckermunde, visualizing the e ect of temperature on scale o sety. C):
Summer model of station Angermunde, visualizing the e ect of humidity on rescaled
location ~, duration oset and intensity oset . d): Winter model of station
Doberlug-Kirchhain, visualizing the e ect of blocking on rescaled location ,~and
shape (only daily data).

We present a visualization of modeling large-scale precipitation extremes which is
an adaptation of known IDF curves (Fig. 6.5). The axes for intensity and duration
stay the same, but di erent curves and colors show the range of a large-scale variable
while the exceedance probability (average return period) is xed t@e = 0:05 (20
years) and the other large-scale variables are xed to an average value. We call
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this visualization Intensity-Duration-Variable (IDV) curve. A stationary reference
model without large-scale dependence is added (dashed line).

In a model where the duration o set depends on the year, intensities will vary
for short durations (Fig. 6.5c). Dependence of rescaled location scale o set ¢ or
shape (Fig. 6.5a-d) will let the intensities vary over the whole range of durations
equally (on a log-scale) and produce a shift along the intensity-scale. Large-scale
in uence on the duration exponent might lead to opposing trends for both ends of
the duration range (not shown). Dependence of the intensity o set will mostly

e ect the long-duration regime (Fig. 6.5c).

Another way of visualising the dependence of the exceedance probability (return-

period) on large-scale variables is given in Fig. 6.6. It shows the dependence of
extreme precipitation on the large-scale variable (abscissa) for many stations in one

plot with an average over stations added (solid lines) to improve robustness.

For Fig. 6.6, an arti cial reference event was de ned which has an annual exceedance
probability (average return period) of p. = 0:05 (20 years). For this event, we
use associated values for the large-scale parameter of the NAO-indéx= 0, year

y = 1990, temperature T = 10 C, blocking-indexb = 0 and humidity h = 75%.
Note, that all curves intersect at these values. For each station (thin lines), one
large-scale variable has been varied (in each column of Fig. 6.6) while the others
and the return level of the reference event are xed to the large-scale reference
values. Extrapolations outside of the data range of this parameter at this station
are indicated as dotted lines. The thick solid lines show the median over all summer
(red), winter (blue) and annual (black) models. In the following, only those median
lines will be interpreted.

In most cases, there is no di erence between the durations (rows in Fig. 6.6, 1 min
to 3 days,d in hours). Only two clear duration-sensitive e ects have been found: (1)
The steepness of change with year increases for larger durations and (2) the steepness
of change increases for the temperature for larger durations. The following results
are similar for all durations. There is a positive e ect of NAO on probability of an
extreme event in winter and a slightly negative e ect in summer. The trend over
time (year) is almost always clearly positive, but smaller for short durations. Rising
temperature has a positive e ect on the probability of extreme rainfall in winter and
summer. Blocking situations support extreme rainfall in summer and counteract
extremes in winter. Higher humidity has a positive e ect on the occurrence of
extremes in all seasons.

The uncertainty of the 50-year return level over a duration of 24 hours in the large-
scale model is lower than in the stationary reference model in 28% (not shown) of
all stations and seasons (only DJF: 18%, only JJA: 21%, only annual: 44%). Over
a duration of 1 hour, this value drops to 19% (only DJF: 12%, only JJA: 15%, only
annual: 30%).

6.4 Discussion and Summary

The aim of this study was to investigate the dependence of precipitation extremes
of di erent duration on large-scale variables. There was no particular focus on the
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Figure 6.6: Change of exceedance probability for extreme events with respect

to a reference event with exceeding probabilitpe = 0:05 in a situation which is
de ned as large-scale reference (see text). All curves meet at this value. Varying one
large-scale variable (column) while xing the other values allows to analyse the new
exceedance probabilityp, of the reference event in the new large-scale situation. This
gure shows how the probability of the reference event changes for di erent seasons
(color) and durations (rows). Thin lines in the background represent individual
stations/models while thick lines represent the median probability over all stations.
Interpolations (extrapolations) are indicated as solid (dotted) thin lines for each
station/model.
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