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Abstract: Extreme value analysis (EVA) is well-established to derive hydrometeorological design
values for infrastructure that has to withstand extreme events. Since there is evidence of increased
extremes with higher hazard potential under climate change, alterations of EVA are introduced
for which statistical properties are no longer assumed to be constant but vary over time. In this
study, both stationary and non-stationary EVA models are used to derive design life levels (DLLs)
of daily precipitation in the pre-alpine Oberland region of Southern Germany, an orographically
complex region characterized by heavy precipitation events and climate change. As EVA is
fraught with uncertainties, it is crucial to quantify its methodological impacts: two theoretical
distributions (i.e., Generalized Extreme Value (GEV) and Generalized Pareto (GP) distribution),
four different parameter estimation techniques, (i.e., Maximum Likelihood Estimation (MLE),
L-moments, Generalized Maximum Likelihood Estimation (GMLE), and Bayesian estimation method)
are compared. Discrepancies due to the parameter estimation methods may reach up to 45 % of the
mean absolute value, while differences between stationary and non-stationary models are of the same
magnitude (differences in design levels up to 40%). Despite the underlying large methodological
uncertainties, there is a robust tendency for increased DLLs in the Oberland region towards the end
of this century based on the (non-)stationary models.

Keywords: extreme value analysis; design life levels; heavy precipitation events; stationary and
non-stationary approaches; Oberland

1. Introduction

In 2021, several parts of the world were affected by severe flooding due to heavy precipitation.
Particularly China, India, and Western Europe suffered many casualties and high financial losses e.g.,
[1]. In July of the same year, Western Germany experienced exceptionally high rainfall rates of up to
200 mm from July, 13th to 15th, which exceeded the average monthly precipitation amounts, leading
to the Ahrtal flood [2,3].

Often when such weather extremes happen, questions regarding the possible impact of climate
change arise. Its influence can be suspected, but only detailed attribution studies enable the evaluation
of reasoning such as climate change and human activity on individual events [2]. However, the
long-term impact of climate change on the evolution of extremes can very well be examined [2]. The
latest reports of the Intergovernmental Panel on Climate Change (IPCC) identified increases in the
frequency and intensity of extreme precipitation in the past and projected further enhancements in
the future e.g., [4,5]. For example, a heavy precipitation event that happened approximately just once
every ten years in a pre-industrial world (1850-1900), is now likely to occur more often with a frequency
of 1.3 times in ten years. In a future scenario with a 4°C warmer world than the pre-industrial state,
the aforementioned event is even more likely to occur with an average frequency of 2.7 times in the
same period of time [4]. This is in line with the thermodynamic law of Clausius-Clapeyron, according
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to which atmospheric moisture content exponentially increases with warmer temperatures resulting
in higher precipitable water [4,6] and therefore in enhanced precipitation intensities if moisture
availability is not a limiting factor [4,7].

A consequence of increased extreme precipitation would be a greater probability of flooding at
regional scales, especially in mountainous and urban areas [4]. Hence, flood protection is an important
topic in regions that are prone to flood hazards through heavy precipitation and new challenges
regarding ongoing climate change require improved adaptation measures. To design protection
measures appropriately, design values (commonly referred to as return levels (RL)) are calculated,
which the structure must withstand [8-10].

Up to now the best available approach to estimate RLs is the extreme value analysis (EVA) [11],
which aims to describe the stochastic behavior of a process at unusually large (or low) levels and hence
makes presumptions about probable extreme levels in a certain future time period [11]. Since the
presence or absence of individual extreme events of existing time series can confound the statistical
representativeness of that time series for the corresponding region, a comprehensive database is
necessary to reliably assess the return periods (RP) of the extreme values. In practice, this is often a
limitation and becomes even more important, the higher the assumed return level is.

However, even if the time series is well representing the historical period, it is not necessarily

representative of the future. One of the most frequently discussed topics is the lack of a possibility
to capture changes in extremal behavior with traditional EVA [9,12,13]. If extremes tend to get more
likely, a return period of an event from an earlier period can thus be much larger than that of the
same event in a later period. This also has practical implications for engineering practice such as in
hydrodynamic modeling based on heavy precipitation events to derive inundation maps and flood
protection measures in the end [14].
With traditional EVA such changes in extremes cannot be considered since only one return level
is calculated representing the whole time series. Therefore, the question arises whether traditional
methods are still adequate or whether new statistical methods should be developed to account for
potential changes in (future) extremes. Hence, many studies applied a new concept referred to as
non-stationary extreme value analysis (non-stationary EVA). In contrast to traditional (i.e., stationary)
EVA, it is assumed that the statistical properties of time series change, which enables the consideration
of alterations in extremes through climate change or — especially in the context of flooding — other
(human) interventions such as land cover change, urbanization, or river regulation [10,15].

Following the definition of stationarity of Coles [11], in a non-stationary time series properties
of the distribution function is enabled to shift over time. These changes can emerge in different
ways. The most apparent one would be a linear trend in the mean of the variable but also shifts in
the variance or step changes could be possible. However, despite the general agreement on altering
means and extremes of precipitation, evapotranspiration, and rates of river discharge [4], there is no
consensus about the usage of non-stationary EVA [9,10]. Since it is virtually impossible to know the
true underlying statistical characteristics of hydrometeorological time series [11], there is often no
plain distinction between whether a times series can be called stationary or non-stationary. Random
fluctuations or deviations from the mean are to be expected even in stationary time series [16] and
the sample can also be part of a cyclical climate variability [17]. Therefore, the future state may
be stationary but just different from the one before [18,19]. Matalas [18] denote the maintenance
of non-stationarity in form of a trend into the future to be problematic since it is unsure whether
an apparent trend in the past is indeed an indication of non-stationarity [16,18,20] and thus can be
extrapolated into the future without ‘catastrophic consequences’. Hence, several studies recommend
the use of the non-stationarity assumption only when changes can be predicted due to the knowledge
of underlying physical drivers [20,21].

In case non-stationary EVA is applied inappropriately (especially to short time series) this may
increase the uncertainties, and thus stationary EVA should be better used by default [21]. Furthermore,
there is also no agreement on the methodology of non-stationary EVA [9]. This is mainly because typical
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concepts of return period and return level no longer provide distinct values in the non-stationary case
[22,23]. Alternative concepts have been developed such as the design life level and minmax design
life level from [24], the approaches of expected waiting time until a given exceedance occurs, or the
expected number of events over the return period [23] as well as equivalent reliability by Hu et al. [25].

In this study, one stationary and three non-stationary statistical models are checked for
their robustness in deriving DLLs of precipitation extremes. In order to allow for a direct
comparison between stationary and non-stationary methods, a rather simple but effective approach
based on design life level was developed. For the assessment under stationary (non-stationary)
conditions, method-inherent uncertainties are quantified by using two (one) theoretical extreme value
distribution(s), and four (three) parameter estimation methods. It is expected that a quantification of the
method-inherent uncertainties under current climate conditions will allow a more robust assessment of
precipitation extremes under future climate conditions. Moreover, it is analysed how regional climate
models (RCMs) can be capitalized to derive future DLLs. Results are compared to extrapolated EVA
results based on observed precipitation data.

2. Materials and Methods

This section introduces the study region as well as the data and methodologies applied in this
study.

2.1. Study Region

The study area mainly comprises the Oberland region of the federal state Bavaria in the
south of Germany (Figure 1). More precisely, the Oberland region includes the districts Bad
Tolz-Wolfratshausen, Garmisch-Partenkirchen, Miesbach, and Weilheim-Schongau. The topography of
the study area is characterized by the flatter alpine foothills in the north of the region and alpine areas
in the south. Following the elevation gradient in the study region, the distribution of precipitation
reveals higher mean annual sums in the south than the north [26]. Besides the annual amounts, extreme
precipitation events can occur due to different prevailing weather situations in the region, mainly due
to the blockage of northerly flows of humid air masses at the northern edge of the Alps, often referred
to as the so-called Vb-cyclones [27], and due to deep convection, partly triggered by the mountainous
terrain of the Alps [28].

Moreover, it has been shown that the precipitation patterns have undergone significant changes,
most likely due to global climate change [26]. Thus, although the Oberland region comprises a
relatively small region (in Germany), it may serve as a blueprint for larger regions with complex
orography, complex precipitation regimes, and regions that are already affected by climate change.

2.2. Data

Across the study area, there are 24 observation stations available with sufficiently long time
series of daily precipitation data, i.e., a minimum of 30 years is required for EVA of 100-year return
periods. However, as it requires a very long time series to investigate possible changes in statistical
characteristics for non-stationary EVA [21,29], even stations with less than 50 years were neglected,
which resulted in a total of 16 stations. For stationary EVA, all 24 stations were explicitly taken into
consideration because it is one of the objectives to demonstrate how the applied methods perform in
relation to the length of the time series. Figure 1a shows the spatial distribution as well as the length of
the observed time series of those 24 stations. Stations with less than 50 years of data are marked with
red dots. 16 stations have time series longer than 50 years and 13 stations longer than 70 years.


https://doi.org/10.20944/preprints202307.1931.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 July 2023 do0i:10.20944/preprints202307.1931.v1

4 0f 26

Mean Annual Precip. [mm]

H—i’ﬂnn
& 1,800
1,600
1,400

e * Wt 1,200

P YR R 2543 2724 v
|5 R > 2387 .
2743

&Y 2542 ar . e

A 2674 .
=y - .

iy 2290 &r-

t : 2067 :

; 24 -

& 58 57 (s O 2908 7 X

203~

2067 -
217~
224 -

2200-

2319-

2387~ ==

2415~

2434 -

2542 -

2543 - S—

2659 -

2660 -

2674-

2724~

2740-

Station

2743~ B e

2759 -
2903~
2043 - =
2044 - —_—

2945-

1880 1900 1920 1940 1960 1980 2000 2020
Timeline

Figure 1. The Oberland region in Southern Bavaria (red shaded area). Spatial and temporal availability
of precipitation data in the Oberland.

Besides station data, high-resolution RCM model simulations have been used in this study to
derive return levels (see Table 1). In particular, outputs from Coordinated Downscaling Experiment -
European Domain (EURO-CORDEX) at a horizontal grid spacing of 0.11° (EUR-11, approx. 12 km)
have been applied [30,31]. Due to computational resources, we restricted our analysis to CORDEX
experiments based on the regional model COSMO-CLM, nested into three different general circulation
models (GCMs) from the Coupled Model Intercomparison Project phase 5 (CMIP5) [32]. Those are
the EC-Earth from EC-Earth Consortium Europe, the CNRM-Cerfacs from the Centre National de
Recherches Météorologiques, and the MPI-ESM-LR from the Max-Planck-Institute for Meteorology.
Three realizations were available for MPI-ESM-LR (rl, r2, r3) and EC-Earth (r1, r3, r12), which
only differ in their initial conditions [33,34]. Each future scenario simulation is assigned the same
realization integer as the historical run from which it was initiated [34]. For future scenarios, the
high-emission scenario RCP8.5 with 8.5 W/m? radiative forcing in 2100 was chosen. As can be
seen from Table 1, historical simulations (T},) are available for approximately the period 1950-2005
and future projections (T) for the period of 2006-2100. Since an initial comparison of statistical
properties with the observations is needed, local information from the climate data for the position of
the above-mentioned stations is assessed. Therefore, the time series of the grid cells corresponding to
the location of the stations have been extracted. It is noteworthy that the utilized RCM simulations
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have been bias-corrected [35] for specific EVA models (i.e., N2 and N3). For other assessments, only
the (relative) climate change signal has been needed rather than the intensity-corrected time series. In
these cases, the delta change approach has been followed.

Table 1. Overview of utilized GCM-RCM combinations from EURO-CORDEX.

Driving Model (GCM) RCM Ensemble Ty T,
ICHEC-EC-Earth COSMO-crCLIM-v1-1 rlilpl 1950-2005  2006-2100
ICHEC-EC-Earth COSMO-crCLIM-v1-1 r3ilpl 1950-2005  2006-2100
ICHEC-EC-Earth COSMO-crCLIM-v1-1 r12ilpl 1950-2005  2006-2100

MPI-M-MPI-ESM-LR COSMO-crCLIM-v1-1 rlilpl 1949-2005  2006-2100
MPI-M-MPI-ESM-LR COSMO-crCLIM-v1-1 r2ilpl 1949-2005  2006-2100
MPI-M-MPI-ESM-LR COSMO-crCLIM-v1-1 r3ilpl 1949-2005  2006-2100

CNRM-CERFACES-CNRM-CM5 COSMO-crCLIM-v1-1 rlilpl 1951-2005  2006-2100

2.3. Methods Applied for Extreme Value Analysis (EVA)

Over the last five decades, EVA has emerged as one of the most important statistical disciplines
for applied sciences [11]. In general, EVA is applied to estimate the stochastic behavior of a process
at more extreme levels than already observed [11,36]. It is of great interest since in many disciplines
knowledge about possible future extreme cases is necessary [11]. This extrapolation to more extreme
or less likely events is done by fitting a theoretical distribution function (df) to the selected subset
of extremes and deriving a value which — according to this df — would occur with a certain small
probability [8,11]. The accurate estimation of these tails is in general challenging since there is usually
only little data to fit the theoretical model to the sample distribution [11]. Consequently, this can lead
to large uncertainties in the derivation of design levels, especially of low occurrence probabilities [21].

Figure 2 is giving an overview of the data and methodologies and will serve as a guide through
the workflow of stationary and non-stationary EVA.
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Figure 2. Schematic illustration of the EVA approach followed in this study.

2.3.1. Theoretical Extreme Distribution Functions

There are different model families whose distribution functions are appropriate for modeling
extreme events [11]. Only the two most common ones were used in this study. Firstly, following the
block maxima approach, the distribution of annual extremes (AMAX) converges to the Generalized
Extreme Value (GEV) distribution, whose cumulative distribution function is expressed as follows:

ron-en{- (3 (52) ) (s(552)

The GEV combines three limiting distribution functions namely Gumbel, Fréchet, and Weibull into
one family [37,38]. The function depends on three distribution parameters 6 = (y, 0, ) which allows
the flexibility to model different characteristics of extremes: the first one is the location parameter ()
indicating the center of the distribution, the second is the scale parameter (o) representing the size of
deviations around the location parameter, and the third is the shape parameter (¢) which controls the
tail of the distribution function [11,38]. An often-mentioned side effect of the block maxima approach
is the neglect of second highest values within the defined blocks [9,11]. This is different from the
threshold approach - often called peaks over threshold (POT) — where extreme events above a selected
threshold are used for EVA. Because of the larger sample of extremes extracted from the historical
data, most studies expect an improvement of estimation of design levels using POT [9,11,39]. It is
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also recommended for relatively short time series or time series with the infrequent occurrence of
extremes and requires higher resolution of the basic time series, i.e., hourly, or daily observations
[9,11,40]. Just as the GEV remains an appropriate model for the AMAX, for a large enough threshold u
similar arguments suggest that the generalized Pareto distribution (GP) is appropriate for the selected
threshold excesses [11,39]. The cumulative distribution function can be expressed as follows [11,41]:

o -1 (14 B0)

where(x —u) >0, (l + C(x;u)) >0, >0

There is a relationship between the GEV and GP distribution where the GP df is approximately
the tail of the GEV df [11,42]. The scale parameter of the GP df & is a function of the parameters
of the corresponding GEV df: ¢ = ¢ + ¢(u — u). The shape parameter ¢ of the GP distribution is
equivalent to that of the corresponding GEV distribution [39], which makes ¢ invariant to block size,
while & is unperturbed by the changes in u and ¢ which are self-compensating [11]. So just as the
shape parameter ¢ is dominant in determining the qualitative behavior of the GEV df, it is analogous
for the GP df [11]. An important intermediate step of the POT approach is the choice of an appropriate
threshold, which should on the one hand be high enough to minimize the bias due to the asymptotic tail
approximation and on the other hand be low enough to obtain a sufficient sample size in order to keep
parameter estimation uncertainties as low as possible [9,43,44]. There are already several approaches
to setting a threshold, of which Scarrott and Macdonald [43] have provided a comprehensive review.
Since classical threshold selections are not efficient and rather time-consuming, when many datasets
are analyzed, a relatively simple, but also frequently utilized approach was implied in this study,
which uses percentiles of precipitation data [39,45]. Therefore, in the first step for each station, the 99th
percentile of all rain day amounts was used as a threshold and adjusted if the resulting sample size
did not lie within the range of one to two times the length of the AMAX sample size [45]. In addition,
since extremes over a threshold tend to cluster and thus induce serial dependence [11], a declustering
approach was applied following Coles [11].

2.3.2. Parameter Estimation Methods

In the stationary case, both GEV and GP distribution functions were used for fitting and
parameters were estimated with four different parameter estimation methods (PEM) which are
Maximum Likelihood Estimation (MLE), L-moments, Generalized Maximum Likelihood Estimation
(GMLE), and a Bayesian approach. The MLE approach became one of the standards in statistical
inference because of its asymptotic efficiency with sample size n increasing to infinity and for
distributions satisfying several regularity conditions [11,46,47]. Meanwhile, it is one of the most
frequently applied methods to estimate unknown parameters and in addition one of the most flexible
regarding its application to modified models [11]. As a likelihood-based approach, MLE yields to find
the parameter values of § which maximize the probability of resampling the sample data [8]. Coles
[11] provides a detailed description of the MLE method. According to Coles and Dixon [48] maximum
likelihood estimators for the AMAX approach tend to get unstable for sample sizes of n < 50. In
addition, Hosking and Wallis [49] showed for the GP, that unless the sample size is 500 or more,
estimators derived by the method of moments are more reliable than MLE. There are several variations
of the method of moments with probability-weighted moments and L-moments being one of them [9].
Since L-moments are more robust to outliers than conventional moments and additionally enable more
secure inferences about the underlying probability distribution to be made from small samples [50],
this technique is often the preferred choice. Thereby, parameter estimation with L-moments is similar
to the common method of moments, but convenient moments are replaced by L-moments, which are
expectations of certain linear combinations of order statistics [50]. For detailed information, Hosking
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[50] unified the theory of L-moments and provides guidelines for practical use. Another method
invented to circumvent possible weaknesses of the MLE is the GMLE [51], which restricts estimates of
the shape parameter §. Since maximum likelihood estimates can generate absurd values of the GEV
shape parameter ¢, when sample sizes are small [50,51], with GMLE a prior distribution 77(¢) is chosen
assigning weights to different values of ¢ within the allowed range. The choice of prior function is by
default the beta distribution similar to Martins and Stedinger [40,51]. Analogous to the MLE method,
the estimator of 6 can be identified by maximizing the generalized log-likelihood function [51] which is
the joint distribution of the likelihood function and the prior distribution. As an alternative to classical
statistical inference, the last estimation technique used is based on Bayesian inference [46]. One of
the main differences is that parameters are no longer assumed to be constant but are rather treated
as random variables with distribution function f(6) [11]. This df is called prior distribution since
it contains possible beliefs about 6 without reference to the data [11]. An obvious advantage of this
method would be the inclusion of additional knowledge about the parameters which may come from
other data sets or a modeler’s experience and physical intuition [46]. On the other hand, choices of
priors remain subjective decisions, so different analysts would supposedly specify different priors [11].
By applying the well-known Bayes’ Theorem, the prior distribution can be converted into a posterior
distribution f(6|x), which includes the additional information provided by the data x, as follows:

L FOF)
f6l) T

But the normalizing integral in the denominator aggravates the direct computation of the posterior
distribution [11,36]. This difficulty was overcome by the development of simulation-based techniques,
such as Markov Chain Monte Carlo (MCMC), which facilitated the use of Bayesian techniques to
the extent that they are now standard in many areas of application [11]. After fitting the statistical
models, consistency between modeled distribution and distribution of the sample was done by the
examination of diagnostic plots such as quantile-quantile plots (QQ-Plots), probability plots, and
simple comparisons of density distributions as well as the Kolmogorov-Smirnov test (KS-test) as a
goodness-of-fit test [13,38,39,52].

2.3.3. Implementation of Non-Stationarity

There already exist multiple options to include non-stationarity into EVA [12,13,24,52] which
usually have a time dependency of the probability density functions in common [12]. Several of
them simply added a linear link function relating the distribution parameters to explanatory variables
[23,24,38,52], but some utilized more complex structures such as cubic splines [12] or quadratic trends
[53]. The latter as well as other smoothing techniques indeed provide good fitting and flexibility
to the data, but, on the other hand, are sensitive to unforeseen evolution of the temporal pattern
of the variable [12] and therefore difficult for extrapolation. Assuming a linear trend, therefore,
seemed natural and useful as a starting point [24]. However, to check whether there is a justification
for non-stationary assumptions, time series were examined for trends using the non-parametric
Mann-Kendall trend test [38,52]. Detection of trends or detailed exploratory data analyses (EDA)
are critical issues regarding non-stationary EVA as they can have a considerable effect on the results
and facilitate the later interpretation [21,52]. Due to technical reasons, non-stationarity has been
considered only for the AMAX approach and the MLE, GMLE, and Bayes estimation methods in this
study. Furthermore, in this study, only linear dependencies for the location and scale parameter have
been included, as the estimation of the shape parameter is already under stationary assumptions the
most difficult one and requires long-term observations that are in practice often not available e.g.,
[11,22,38,52]. As suggested by many studies, the logarithm of the scale parameter was used to ensure
positive values [22,52]. In addition to the stationary model S1, the following three non-stationary
models were implemented:
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1. N1: non-stationary model (1) with location parameter y being a function of time: y (t) = pro + piq t

2. N2: non-stationary model (2) with location parameter y being a function of annual precipitation:
pt) =po + 1 P

3. N3: non-stationary model (3) with location parameter i being a function of annual precipitation
and o parameter being a function of time: u(t) = g + 1 P, In(c(t)) = o + ¢ t

These non-stationary models were adapted from Sraj et al. [52], but slightly changed for model N3
not only being dependent on time but rather a mixture of precipitation and time. Time as a covariate
should be treated with caution because changes in the past are not automatically the same as in the
future, especially for periods longer than ten years into the future [52]. An advantage of employing
climate variables such as annual precipitation as a covariate is that climate model predictions or
projections can then be employed as covariates to estimate future change which makes the proposed
model more practically useful [10,52]. As recommended by Gilleland and Katz [42], covariate vectors
(time and precipitation) were scaled to zero. To check whether the inclusion of the certain covariate
into the model was significant and to indicate the best fitting statistical model the Akaike information
criterion (AIC) and the deviance information criterion (DIC) were applied for MLE/GMLE and
Bayesian estimation method, respectively [52]. In both cases, models with the smallest AIC or DIC
value indicate the best model performance [54]. In addition, for MLE and GMLE a likelihood-ratio test
(lr-test) was performed to test the significance of the inclusion of covariates into the models [52].

2.3.4. Equivalent Design Life Level

Since for non-stationary EVA the term return level becomes ambiguous, the concept of design
life level (DLL) by [24] was used and further developed as an equivalent Design Life Level. Since
the DLL is defined by the risk of exceedance in a certain time span, a connection between DLL
and RL can be established through the common term of hydrological risk. For an n-year RL the
hydrological risk can be computed for the same time period as used at the computation of DLL and
by equating the risks, an equivalent DLL can be computed that has the same risk of exceedance as
the associated RL. For a 10-year level and a time period of 30 years, the hydrological risk R would be
R=1-(1-1/10)* = 0.96, and analogously for a 100-year level R = 1 — (1 —1/100)%" = 0.26. In
this study, historical DLL were computed for the time period 1971-2000 and future DLL for 2071-2100.
Extrapolation of non-stationary models, i.e. the models N2 and N3, requires a vector of the covariate in
this future time period. For time as a covariate, this is a trivial derivation, but for annual precipitation
as a covariate, climate model projections are necessary. Due to the partly strong deviations between
modeled and observed annual precipitation in the RCM projections, the RCM annual precipitation
was adjusted by using a linear transformation of the mean and the standard deviation between the
historical model simulations xj, ; and the observations y;. Applying it to the future model simulations
x¢,i, transformed future simulations x; ; are then derived as follows:

Xfi = %Sy +y+ (Xf — %)
f
2.3.5. Usage of Regional Climate Models

RCMs potentially provide an opportunity for EVA in the absence of (sufficient) observation data,
not only regarding the length of the time series but also their spatial distribution. In this context, we
explore the general usability of RCMs by comparing the EVA results to those based on the observations.
First, the regional climate data has been validated by comparing the distributions of precipitation
from the observation stations to those of the corresponding RCM grid cells. Therefore, different
approaches were followed, such as the visual inspection of boxplots (and especially deviations in
the median) as well as Kolmogorov-Smirnov (KS) tests to compare the distributions of modeled and
measured AMAX. Besides the extrapolation of design levels from observations into the future (see
models N2 and N3), climate models provide an additional possibility to derive information about
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future extreme behavior. Since RCM simulations used in this study were not bias-corrected per se (only
for N2 and N3), projected DLLs were calculated with a simple and frequently used approach, called
delta change method e.g., [55-58]. It differs from other bias correction methods as it does not adjust
RCM simulations itself but uses the combination of observations and only the RCM change signal
[57,58]. In that way, differences, i.e., the change factor or the ‘delta” between the design level of the
future DLL¢ (2071-2100) and historical simulations DLL, (1971-2000) were calculated and then added
onto design level from observations DLL ;.

It has to be mentioned, that confidence intervals of the delta approach are symmetric which does
not represent the asymmetry that is generally associated with quantile estimators of extremes [22].
Since this approach is not always physically consistent and can attain negative values for the lower
limit, it should be interpreted with caution [21].

3. Results

3.1. Theoretical Distributions and Parameter Estimation Methods

After modeling the extreme behavior using the GEV and GP distributions for the above-mentioned
stations in the Oberland region, the fit of the estimated models was evaluated. In principle, according
to KS-test only for a few stations the modeled distribution did not fit the data very well. In particular,
for station 2759 all estimated GEV models showed poor performance of the fitting. Also, the QQ-plots
confirmed that distributions do not agree very well. In addition, for stations 2724 and 2903 model
fit was also poor when using the GEV distribution and GMLE and Bayes estimation. They seem to
have experienced more extreme events than were modeled by the distributions. These stations should
therefore be interpreted with care in the following sections. In the next step, parameter estimates are
examined in more detail with regard to the four estimation methods, i.e., MLE, GMLE, L-moments,
and Bayesian estimation method. Relative differences between the estimation methods were the
largest for the shape parameter. In the case of AMAX, the variation coefficients of the shape parameter
compared to those of the location parameter were approximately 50 times larger, and with POT
variation coefficients were about 20 times larger than for the scale parameter. Generally highest values
of |¢| were mostly obtained with GMLE, but also with the Bayesian estimation method. Curiously,
GMLE estimates equaled estimates using L-moments if the shape parameter was negative. For location
and scale parameters, there was no discernible relation between estimation methods and parameters,
but for AMAX, the Bayesian estimation method seemed to yield higher values as well. This behavior
is reflected in the later derived RL. Figure 3 shows 100-year RL for all stations with an indication of
95%-confidence intervals. Again, stations with less than 50 years of data are indicated in red. For
stations 2067, 224, 2660, and 2743 uncertainty ranges for some Bayes estimates were omitted as they
are too high to illustrate them properly. Through those 24 stations, the range of RL reached relatively
low values of about 100 mm at stations 217, 2319, 2387, and 2415 to relatively high values between 150
and 270 mm at stations 203, 204, 205, 224, 2434, 2660 and 2740. Some stations show huge discrepancies
between different PEM and modeling approaches with large uncertainties (especially station 224,
2434, 2543, 2660, 2743, 2944), but others had a good agreement on RL (e.g., 217, 2290, 2319, 2387,
2415, 2542, 2659, 2674, 2724, 2740, 2943, 2945). Of the former, a large proportion had time series
shorter than 50 years, but there were also stations with short time series that have small uncertainties
and strong agreement between different RL estimates. In general, GMLE and Bayesian estimation
methods yielded higher values than MLE and L-moments. Thereby, variations between methods
lay within a range of a few millimeters up to about 70 mm which is in some cases about 45% of the
absolute design level. With the Bayesian estimation method at some stations, outliers with even higher
differences of more than 200 mm were present. It is again noticeable that these cases were only at
stations with time series shorter than 50 years. Between the two modeling approaches, there was no
clear tendency whether POT or AMAX yielded higher values. At the 10-year level (Figure 4), the
pattern was similar to the 100-year level, but design values between different estimation techniques
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and modeling approaches were more uniform. Nevertheless, albeit to a lesser extent, with the Bayesian
estimation technique, again, higher RL were estimated at some stations with shorter time series (e.g.,
2067, 224, 2660, 2743). For both extreme levels, the RL agreed very well between L-moments and MLE.
It should be mentioned that in Figure 3 some lower boundaries of the uncertainty ranges obtained
with the delta method were even negative.
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Figure 3. 100-year Return Level (RL) for all stations with all available parameter estimation methods
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Figure 4. 10-year Return Level (RL) for all stations with all available parameter estimation methods
(PEM) and for both approaches. Error bars indicate the 95% confidence intervals. Again, stations with
time series length < 504 are indicated in red.

Especially for the Bayesian estimation method, there are several tuning parameters that have the
potential to influence the estimated design level. In fact, due to the randomness of the MCMC concept
(the same settings lead to different RL results) for a few stations results deviate up to 50 mm. It is
again recognizable that these variations were large only at stations with a length of time series shorter
than 50 years. In addition to the randomness of the method itself, the initial values of  for the MCMC
sample, the prior function (in this case the standard deviation of the normal distribution), as well as
the burn-in period, are subjective decisions. Differences in RL due to different burn-in periods were
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negligible and changes due to different initial estimates of # and different standard deviations in the
prior distribution lay within the range of variations due to the randomness of the Bayesian estimation
method.

Usually, similar to the spatial pattern of annual precipitation in Figure 1, a spatial dependency of
RL is expected e.g., [59]. Figure 5 and Figure 6 show the 100-year and the 10-year RL for the study
area. The color indicates the RL (exemplary for the four-parameter estimation methods with AMAX)
and the size of the circles represents the uncertainty computed as the range between the lowest and
highest CI of all eight RLs. Especially at the 10-year level, the higher RLs in the southeastern part of
the study area (Stations 203, 204, 205) get apparent. But also a slight north-south increase is visible for
all parameter estimation methods. On the contrary, for the 100-year level, the four maps in Figure 5
are more dissimilar between the parameter estimation methods with strongest differences at stations
with high uncertainties (largest circles) which are often stations with time series length shorter than 50
years. In addition, again the comparatively higher RLs with GMLE and Bayesian estimation method
than with MLE and L-moments are discernable. Hence, a spatial pattern such as shown in Figure 1 is
more uniform and more pronounced at the 10-year level than at the 100-year level.
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Figure 5. Spatial representation of the 100-year RL for MLE (AMAX) (a), L-Moments (AMAX) (b),
GMLE (AMAX) (c), and Bayesian estimation method (AMAX) (d). The circle size represents the
uncertainty range between all PEM and the red dots indicate stations with time series lengths shorter
than 50 years.
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Figure 6. Spatial representation of the 10-year RL for MLE (AMAX) (a), L-Moments (AMAX) (b), GMLE
(AMAX) (c), and Bayesian estimation method (AMAX) (d): The circle size represents the uncertainty
range between all PEM and the red dots indicate Stations with time series length shorter than 50 years.

3.2. Justification and Evaluation of Non-Stationary EVA

Allowing the distribution functions to vary through the implementation of linear trends in the
parameters, non-stationary design levels can be examined. For non-stationary analysis, stations with
time series shorter than 50 years were omitted since sufficiently long time series are necessary to
investigate changes in their statistical characteristics. In addition, only the modeling approach AMAX
and the estimation methods MLE, GMLE, and Bayesian estimation method were conducted. The usage
of a specific non-stationary model seems reasonable if there is indeed a link between the covariate and
the time series of extremes (i.e., annual maxima (AMAX)). For time as covariate (i.e., non-stationary
model N1) merely at station 2290 AMAX showed the dependency of time. For a significance level of
0.05, a positive correlation between the time vector and AMAX can be detected (r = 0.23). Furthermore,
a positive trend was shown with the Mann-Kendall test. When examining trends for the whole
precipitation time series for approximately two-thirds of the stations a positive trend was apparent,
but not for station 2290. This is an interesting finding since apparently a trend for this station only
emerged for extreme levels such as AMAX or the 90th percentile. On the other hand, for annual
precipitation as a covariate, a correlation with AMAX was significantly different from zero for all
stations, with correlation coefficients ranging from 0.36 to 0.55. Trend tests can as well be investigated
for annual precipitation (i.e., the non-stationary models N2 and N3). But instead of indicating AMAX
over time, it was now sorted by annual precipitation to enable the examination of trends in AMAX
with increasing annual precipitation. Results showed for all stations an increasing trend in AMAX with
annual precipitation according to the Mann-Kendall trend test. Figure 7 shows the slope in the location
parameter of the non-stationary models (y11) which should reflect the above-mentioned dependencies
of the covariate. For non-stationary model N1, estimates of y1; were significantly positive for stations
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2290 and 2903 for MLE and GMLE. At station 2290 this was due to low uncertainties and at station
2903 estimate of y11 was exceptionally large so that even the lower CI was still positive. However,
with the Bayesian estimation method no estimation of y; was significantly different from zero. In
contrast, for models N2 and N3 (annual precipitation as a covariate for the location parameter) nearly
all cases of y; were consistent in their sign and estimates were more consistent between different
parameter estimation methods. The slopes of the scale parameters ¢ of non-stationary model N3
were not significantly different from zero for any station (Figure 7). However, for stations 2290 and
2674 estimates for MLE and GMLE were still the most distinct, with a positive and negative slope,
respectively. A peculiarity that occurred when using GMLE was an exact estimation of zero for j;
at some stations (2387, 2415, 2740). In addition, from Figure 7 it gets evident that across the three
parameter estimation methods and across the 16 stations uncertainties and variations in y; were by far
the largest for non-stationary model N1. Differences between Bayesian estimates and the remaining
two estimates (i.e., MLE and GMLE) were particularly large.
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Figure 7. Estimated slope for non-stationary location parameter (y1) and non-stationary scale
parameter (¢) for the three-parameter estimation methods (MLE, GMLE, Bayes) and three
non-stationary models (N1: p(t), N2: u(P), N3: u(P) and o (t)).

Furthermore, for the non-stationary model N1, goodness-of-fit according to AIC/DIC revealed
hardly any improvements in model fit compared to the stationary model S1. Exceptions were stations
2290 and 2903 with slightly decreased values of AIC and DIC. Likelihood-ratio test as well rejected
the null hypothesis of no improvement with p-values of 0.038 and 0.034 for stations 2290 and 2903,
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respectively. These results are in line with the previous finding which discovered a positive trend in
extremes for station 2290 to be likely and trends in the location parameter for stations 2290 and 2903 to
be significant. The inclusion of annual precipitation into the location parameter (i.e., non-stationary
model N2) yielded for all stations increases in model fit according to both AIC and DIC as well as
the likelihood ratio test. There was a tendency that stations with a higher correlation between annual
precipitation and AMAX also had a stronger increase in model fit. For the non-stationary model N3,
model fit was again improved for all stations and all PEM according to AIC, DIC, and Ir test.

3.3. Changes in Design Life Levels

3.3.1. Extrapolation of Non-Stationary Models

Per definition, stationary DLL equals the corresponding stationary RL. Minor discrepancies
are possible due to numerical difficulties. Differences between stationary and non-stationary DLL
were in general small for the historical time period (1971-2000) and only increased slightly with the
extrapolation of non-stationary models. Figure 8 shows 10-year and 100-year DLL,y (2071-2100)
exemplary for the MLE method. The highest deviation from stationary DLL/RL is often achieved with
model N3, which shows differences of up to 50 mm. One would expect increases with non-stationary
models due to the above-described behavior of extreme precipitation. For the 100-year level, there
is no clear pattern, as extrapolated non-stationary DLL are sometimes even lower than stationary
DLL. Interestingly, for the 10-year level, almost all stations show slight increases in DLL with the
incorporation of non-stationarity. However, the differences are too small to derive distinct conclusions.
It should be mentioned that lower uncertainty boundaries computed with the delta method again
sometimes reach negative ranges, which is physically not consistent.
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Figure 8. 100-year and 10-year DLL.y obtained from extrapolated statistical models (2071-2100) with
parameter estimation method MLE.
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3.3.2. Non-Stationary EVA Using Regional Climate Model Output

As a second possibility to achieve future design levels, climate models were considered. Firstly,
the validation of RCM simulations showed a generally decent model fit but RCMs did not seem to
fit for specific stations. It got apparent that for stations 203, 204, 205, and 2740 all climate models
underestimated AMAX from station data. The observational distribution showed both a higher
median and a larger interquartile range (IRQ) in the data. Furthermore, MPI3 strongly underestimated
the median and also in many cases the IRQ of the AMAX distribution for all stations. For a better
insight into discrepancies, DLL from historical model simulations DLLy,,, were compared to DLL from
station data DLL,s. Figure 9 and Figure 10 show the differences between results from models and
observations. The green marked area represents acceptable deviations which are approximately 10 %
of DLL,ps. The examined underestimation of AMAX from observations for stations 203, 204, 205, 2434,
and 2740 for all RCMs was again visible with DLL of simulations being much lower than the DLL of
observations. In addition, it gets evident that MPI3 strongly underestimated the DLL of observations
with differences of up to 150 mm which was approximately 75 % of DLL ;. These findings were even
more apparent for the GMLE and for the 10-year DLL in Figure 10, where differences between DLLy,,
and DLL,;s were substantially below the lower 10 % line and MPI3 was for all stations the model with
the strongest underestimation. According to mean absolute deviation between DLLy,,, and DLL,s the
best model was CNRM1 (~19mm for 100-year level/ ~13mm for 10-year level) followed by MPI1
(~28mm/~14mm) and MPI2 (~30mm/~14mm).
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Figure 9. Differences between 100-year design levels from historical RCM simulations DLLy,,, and
100-year design levels from observations DLL,,, with indication of the range with approximately 10%
deviation in green.
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Figure 10. Differences between 10-year design levels from historical RCM simulations DLLy,,, and
10-year design levels from observations DLL,,; with indication of the range with approximately 10%

deviation in green.

In the following, DLLj.;;, (2071-2100) are examined in more detail and compared to DLL.y¢r
(2071-2100). Since with seven different climate models the number of combinations increases drastically,
now focus lies on the MLE method as one of the standards and on the non-stationary model N2 which
was selected as the best fitting model. Figure 11 and Figure 12 show the projected changes in DLL
between 1971-2000 and 2071-2100 for the delta change method (RCMs) and the Extrapolation of
non-stationary model N2. The colors of the bars indicate whether both methods coincide with the sign
of change. Results from MPI3 are not considered reliable but are shown for the sake of completeness.
As described earlier for DLL,y,, at the 100-year level, there was no clear agreement on increases or
decreases in DLL. Similar to that, with the delta change method again no distinct tendency can be
derived. For the 10-year level, however, RCMs predicted for all stations mainly increases of DLL.
Hence, both methods of deriving future DLL, agree very well on the sign of change for the 10-year
level, but at the 100-year level changes in DLL seem rather random which is probably due to the
predominance of uncertainties. Nevertheless, at both extreme levels, a tendency is visible that with
CNRM1 and ICHEC12 increases are stronger whereas with ICHEC3 and MPI2 smallest increases or
largest decreases were computed. However, even when there was agreement on the sign of change, the
actual size of increases or decreases in DLL could strongly differ between the RCMs and the different
methods. Changes are generally higher with the delta change method. With the extrapolation of
statistical models, only a shift in the distribution function of the existing dataset is done which does
not result in strong changes if the covariate does not change remarkably over time. Hence for the delta
change method, the actual size of increases or decreases in DLL can differ stronger between the seven
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RCMs. In summary, for the 10-year level increases of up to 20 mm can be expected whereas for the
100-year level projections lie within a range of +/-50 mm depending on the stations and RCMs.
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Figure 11. Change in 100-year DLL between future (2071-2100) and historical climate (1971-2000) for
delta change method and the extrapolation of statistical models S1 and N2.
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Figure 12. Change in 10-year DLL between future (2071-2100) and historical climate (1971-2000) for
delta change method and the extrapolation of statistical models S1 and N2.

4. Discussion

In this study, a variety of issues regarding extreme value analysis have been investigated. Several
approaches for traditional EVA were compared (i.e., the GEV and GP theoretical distribution functions
as well as four different parameter estimation methods) while in the next step, non-stationary EVA
was conducted in three different settings to account for changing statistical properties over time
series. Additionally, it has been tested whether simple RCM simulations (not bias-corrected) are
appropriate as a supplement for station data and whether changes in design life levels are visible
by comparing DLL of a future period (2071-2100) with a historical period (1971-2000). Due to the
location of the study area and a data basis consisting of stations with different measuring sequences,
it was additionally possible to examine the overall performance with regard to the orography and
the time series length. As a first aspect, the effects of different methodologies in stationary EVA are
discussed. Besides the common uncertainties regarding EVA due to lacking representativeness of
the time series and presumed extrapolations into the future, results showed that different methods
introduce an additional source of uncertainties. Part of the differences in RL between parameter
estimation methods can be traced back to uncertain estimations of the scale and mainly the shape
parameter. Since the shape parameter controls the tail behavior of the distributions and is generally
quoted to be the most difficult to estimate [11,23], deviations can naturally get rather large when slight
changes in the estimation procedure occur. However, as differences in the parameter estimates were
large for all stations and some had a good agreement in RL between PEM, deviations in the shape
parameter alone were not the crucial factor but the combination of scale and shape that alters the
extreme behavior of the distribution. Even though parameter estimates are the same between the
100-year and 10-year levels, deviations due to different PEM were less pronounced at the 10-year level.
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This is because for a 10-year RL, the database was about 3 times the RP (in contrast to the 100-year
level with a database of one to two-thirds of the RP) the 0,9 quantile is located at a more supported part
of the distribution function and the impact of the tail behavior (and hence the parameters scale and
shape) on RL is much smaller. Therefore, to reduce the methodological uncertainties and to get more
consistent results of return levels, sufficiently long time series would be necessary (which are often
not available). A detailed examination of the parameter estimation methods showed especially for
the Bayesian estimation method and GMLE some peculiarities which are briefly discussed hereafter.
Firstly, if the shape parameter of the GMLE method was smaller than zero, parameter estimates
equaled those of L-moments, and thus the RL was identical to L-moments. Secondly, GMLE was
introduced to improve estimates from MLE by restricting the estimates of the shape parameter to a
likely range, but the incorporated prior distribution is based on flood analysis [51], so the question
arises whether this constraint is also suitable for precipitation data. The higher values obtained by
the Bayesian estimation method were in line with previous studies which yielded slightly higher
estimates with Bayesian estimation than for example with MLE [52]. Nevertheless, in this study, for
some stations substantially large outliers in RL were obtained with the Bayesian estimation method,
which was not mentioned in Sraj et al. [52]. This was very pronounced at the 100-year level (Figure
3), but also at the 10-year level (Figure 4) for stations with short time series (i.e., time series length
< 50 years) to a lower degree. The results of the Bayesian estimation method are not reproducible
with different runs of the algorithm since the MCMC process contains some random components.
Especially at stations with time series shorter than 50 years, the random part of the MCMC process
resulted in more divergent design levels. Thus, based on the findings of this study, results estimated
with the Bayesian estimation method should be interpreted with great care when the underlying time
series are relatively short (in this case shorter than 50 years). However the Bayesian estimation method,
in general, provides more flexibility for improvement. For example, as an alternative to the here-used
univariate Normal distribution as a prior distribution, Coles and Powell [60] used a multivariate
normal distribution based on estimates from other spatial locations to construct a prior, which has
probably a higher potential to incorporate additional information to the estimation method. Therefore,
a more thorough investigation to better quantify the various influences on the estimation technique
could help to assess its reliability. According to the literature, MLE has its peculiarities too. For
instance, the L-moments method is known to be more efficient than MLE, especially when the sample
size is small (GP: < 500, GEV: < 50) [40,48,49,51], but these statements could not be confirmed in this
study as RLs from MLE and L-moments were very similar, and no curious results were obtained using
MLE at small sample sizes. As already mentioned, another effect that arises due to time series length
or rather the ratio between time series length and RP was the more consistent results between different
parameter estimation methods for the 10-year level compared to the 100-year level. The 100-year RL
was therefore more sensitive to the selected methods of EVA and their slight discrepancies in estimated
parameters. In general, due to the nature of the function between RL and RP, the higher the RP the
more uncertain the RL [11,52]. A spatial pattern and distinct future changes in DLL are therefore
hardly visible at the 100-year level. Furthermore, despite methodological uncertainties, scale, and
especially shape parameters are highly sensitive to slight changes in the database. Since observations
of extreme events are scarce, the presence or absence of individual extreme events in the investigated
time series can have a strong impact on the estimated distribution function. In combination with the
high spatiotemporal variability of heavy precipitation, computed design levels of two neighboring
stations can differ strongly even if their statistical extreme behavior is actually the same [61,62]. This
aspect hampers the comparison of DLL from observations and RCMs and presumably amplified the
partly deficient accordance in this study. But, in fact, since for some stations and mainly the climate
results from MPI3, the distributions of AMAX were already dissimilar, differences in design levels
were probably because of lacking representativeness of the RCMs for the study area. One possible
reason is the different nature of both data sources, point measurements for the observations and areal
estimates for the RCMs [63]. In this case, so-called Areal Reduction Factors (ARF) are suggested e.g.,
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[63] or a distribution-scaling bias correction or an approach particularly focusing on extreme values
e.g., [64] could possibly lead to more realistic results. The applied delta change method does not correct
the precipitation distribution itself. Moreover, climate simulations with a higher spatial resolution (e.g.,
based on convection-permitting settings) are expected to resemble better the observed precipitation
patterns [65]. In order to extrapolate the linear trend of non-stationary models with the help of RCM
projections (i.e. annual precipitation) adequately, a sufficient fit between station data and RCMs is
necessary. To fulfill this requirement, future projections of annual precipitation were bias-corrected
via a linear transformation of the mean and standard deviation. With this method, an increase in the
representativeness of the modeled annual precipitation was achieved. However, this method is too
simple to adequately correct the extreme events.

For the non-stationary EVA, according to various goodness-of-fit criteria, the inclusion of annual
precipitation into the location parameter (non-stationary models N2 and N3) improved the model fit.
According to correlation coefficients and trend investigations, there was indeed a connection between
annual precipitation and the time series of annual maxima. On the contrary, with non-stationary model
N1, only at stations with a trend in the time series of extremes (i.e., station 2290) an improvement
was achieved. Station 2290 clearly shows that sufficiently long time series are necessary to identify a
temporal trend. The time series is about 60 years longer than at the other stations and a significant
time trend in the location parameter as well as a reasonably distinct trend in the scale parameter were
obtained. This underpins the need for a sufficiently long time series for the non-stationary EVA. With
model N3, the changes in the extrapolated DLL were the largest since the trend in the scale parameter
can strongly amplify the effect of the inherently incorporated trend in the location parameter. However,
the inclusion of a time trend into the scale parameter (non-stationary model N3) considerably increased
the confidence intervals (visible for the Bayesian estimation method in Figure 8) and in addition, no
trend in the scale parameter was found to be significant. Therefore, it is questionable whether a trend
in the scale parameter provides credible information and the results of this study emphasize the advice
from previous studies e.g., [20,21,29] according to which a reasonable assumption of non-stationarity
is crucial to achieving significant results and an increase in model fit. Furthermore, differences in
design levels between stationary and non-stationary models (i.e., S1, N1, N2, N3) were for most
stations smaller than discrepancies due to different methodologies (i.e., assumptions of the underlying
theoretical distributions and fitting procedures). The effect of the incorporation of non-stationarity
into EVA, thus, lies within the range of uncertainties regarding EVA and makes its usage debatable.
However, it should be mentioned, that more approaches to model extreme behavior and incorporate
non-stationarity exist, so the representation in this study provides only a limited picture of potential
methodological uncertainties.

The investigations of changes in DLL between the historical time period 1971-2000 and a future
time period 2071-2100 were based on results with MLE as well as model N2 as it would exceed the
scope of this study to examine all cases. Usually, studies of changes in heavy and extreme precipitation
revealed stronger increases or smaller decreases the higher the considered percentile [66]. Therefore, the
question arises whether cases in which changes in 100-year design levels were smaller than in 10-year
design levels are reasonable or whether for 100-year levels afore-mentioned uncertainties dominated
the estimation of design levels. In general, it was difficult to examine changes in design levels since
statistical estimation is very uncertain and hence changes were too small to be significant. Furthermore,
it should be kept in mind that concomitant with the usage of RCMs, additional uncertainties about
the future are introduced. Those are mainly the uncertainties due to unknown external boundary
conditions and the lack of a complete understanding of the climate system. Regarding the former, in
this study, the RCP8.5 was chosen which resembles only one possible pathway of radiative forcing
and greenhouse gas concentration [67]. Other emission scenarios would possibly lead to different
changes in DLL. The limitation of climate models is as well an important point since precipitation is
still one of the variables with the highest uncertainties in climate models [68]. Especially individual
storms and locally high rainfall events which are crucial for EVA are a well-known source of model
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errors [69]. Hence, due to the uncertainties regarding climate projections and EVA itself, changes in
DLL obtained with RCMs are to be treated with care. Nevertheless, since the results of climate models
and the extrapolation of non-stationary models often approximately agreed on projected changes
(especially for the 10-year level), a general tendency of increasing DLL can be derived. Often, due
to a lack of observation data, climate simulations are the only viable option to derive DLL. This is
particularly the case for sub-daily precipitation durations [63].

5. Conclusions

Climate change is altering the statistical characteristics of meteorological extremes in several
regions worldwide. It is thus of great interest to adapt to changing conditions in the best possible way.
This study investigated several options for the derivation of design values of daily precipitation for a
study area in an alpine region in Southern Germany. In the course of this, projected changes in design
values were analyzed using the extrapolation of non-stationary models as well as RCMs. The obtained
results underpin the large uncertainties associated with the applied approaches. Since different
approaches in stationary EVA already yielded partially strong discrepancies in design values, the
potential benefits of non-stationary EVA vanish in those methodological uncertainties. It is concluded
that non-stationary EVA should only be applied in cases when long series of observations (in the
order of 100 years) are available. As observation data is often not sufficient in practice, RCM data
driven by Reanalysis data provide an alternative for filling data gaps in space and time. Due to the
inherent uncertainties of future projections, reliable statements about future changes in design values
are even more difficult. With the extrapolation of non-stationary models, future characteristics are
presumed that mainly rely on simple assumptions of past changes. It is therefore concluded that
RCMs, in general, provide potential options for non-stationary EVA under future climate conditions,
however, additional uncertainties such as the unknown future emissions as well as uncertainties from
different large-scale forcing (i.e, different GCMs) and RCM parameterizations must be considered.
Based on the findings of this study, more sophisticated bias correction approaches might be needed,
which either correct the whole distribution of precipitation or focuses on the (extreme) tails of the
distribution. Despite all of the methodological uncertainties, EVA provides sound solutions to derive
hydrometeorological design values for infrastructure that has to withstand extreme events. Based
on the results obtained, it is suggested to apply different extreme value models (stationary as well
as non-stationary) based on different theoretical distribution functions and parameter estimation
methods. This allows one to account for the methodological-inherent uncertainties jointly with the
DLLs derived for the future. For the Oberland region, for instance, a tendency to increased design
levels (more robust for the 10-year DLLs than the 100-year DLLs) towards the end of this century has
been confirmed by various statistical models, based on extrapolated observation data as well as RCM
output. Despite the overall large methodological uncertainties, an expected increase due to climate
change is therefore considered robust.
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