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Abstract. Predicting the likelihood of extreme hourly rainfall events is crucial in mitigating risks associated with flash floods
and related hazards. Previous research shows that, for limited sample sizes, the simplified Metastatistical Extreme Value
(sMEV) distribution can significantly reduce the associated uncertainty in rainfall return levels compared to the more com-
monly used General Extreme Value (GEV) distribution. Recent research also highlights the possibility to analyze the effects
of climate change using the non-stationary versions of both distributions. Thus, we evaluate-the-performanee-of-investigate
the SMEV and GEV distributions for hourly precipitation obtained from a convection-permitting regional climate model. The
global climate model MIROCS is employed to drive the regional climate model COSMO over the greater Germany area for

historical, near-future and far-future periods.

seriesfrom—a-conveetion-permitting-modelThis comparison is novel in combining a large spatial and temporal extent with a
high spatial and temporal resolution. The results show that, in the current climate, the GEV method estimates on average higher
return levels than the SMEV for hourly extremes. However, this difference reverses with further global warming. The results

shew-also reveal, that the SMEV outperforms the GEV in terms-of-uneertainty-the sensitivity to small samples across almost all
return periods regardless of the length of observational records. In addition, there is a north-south gradient in the return level dif-

ference, the uncertainty difference and crucially the adequacy of the SMEV left-censoring threshold. Iavestigating-In addition,
we investigate non-stationary versions of the SMEV and GEV shews-that-the-under climate change. The chosen non-stationary
sMEV is-mere-suitable-to-shows more promise in describing the change in return levels under-climate-changecompared to
the non-stationary GEV. However, both non-stationary versions analyzed lack complexity and should be used carefully when

projecting future rainfall extremes.

1 Introduction

Precipitation extremes on an hourly time scale can trigger natural hazards, such as debris flows, land slides, flash floods and ur-
ban flooding (Golz et al., 2016). Quantifying the probability of events of a certain magnitude is crucial for engineers, insurers,
spatial planners and policymakers. However, such assessments are challenging due to the lack of observational data at sub-daily

time scales (Valipour, 2016; Pritchard et al., 2023; Poschlod et al., 2021). Furthermore, climate change is already altering the
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intensity and frequency of extreme precipitation events (Zeder and Fischer, 2020; Lang and Poschlod, 2024; Haslinger et al.,
2025), with further increases projected under continued warming (Prein et al., 2017; Fowler et al., 2021; Myhre et al., 2019).
Thus, there is a need for robust and accurate methodologies to estimate extreme rainfall intensities and frequencies (Martel
et al., 2021).

Due to the limited availability of observational records of hourly precipitation, climate models are increasingly used to
enhance our understanding of local climate dynamics. In the mid-latitudes, hourly rainfall extremes are typically related to
convective events (Guichard et al., 2004), and accurately representing such extremes requires the explicit simulation of deep
convection (Prein et al., 2015). Additionally, climate change increases hourly precipitation extremes in these regions (Lenderink
and Van Meijgaard, 2008), primarily because warmer air can hold more moisture (Clausius-Clapeyron relationship), leading to
a higher frequency of large, long-living convective cells (Purr et al., 2021). Recent advances in computing power have enabled
to run convection-permitting climate models over decadal to multi-decadal time periods. Thus, extreme value theory can now

be applied to convection-permitting climate model simulations to assess hourly precipitation extremes in a warming climate.

Extreme value theory aims to estimate the occurrence probability of rare events. There are two main approaches to achieve
this goal. The first is the asymptotic approach, in which, under certain assumptions, a subset of precipitation events converges
towards a specific probability density function as the sample size increases. A well-known example is the block-maxima method
(Gumbel, 1958), which typically uses years as blocks and assumes that the annual precipitation maxima asymptotically follow
the Generalized Extreme Value (GEV) distribution (Jenkinson, 1955). A major limitation is that the block-maxima sampling

discards much of the available data that could augment the analysis - particularly when only a few years of data are available.

The alternative approach assumes that some of the precipitation values directly follow a certain probability distribution re-
gardless of the number of observations. This differs to the more common asymptotic approach, which states that rainfall values
asymptotically converge to a probability distribution over time. One such alternative method is the Metastatistical Extreme
Value (MEV) approach, introduced by Marani and Ignaccolo (2015). The MEV approach sorts all precipitation data into dis-
tinct events, separated by a dry period. For each event, the maximum hourly rainfall is identified applying a moving window
over the event duration. The MEV method then assumes that, within a given year, the maximum hourly precipitation values
from individual rain events follow a parent distribution, where the Weibull distribution is commonly used (Marani and Ignac-
colo, 2015). Building on the MEV approach, Marra et al. (2019) introduced the simplified MEV (sMEV) approach, which
groups precipitation maxima of rainfall events into different classes. Then events from each class across several years are
fitted to a single 3-parameter Weibull distribution. While SMEV introduces additional uncertainty by neglecting inter-annual
variability, Marra et al. (2019) and Miniussi and Marra (2021) find that classifying events based on underlying processes can
reduce overall uncertainty and bias compared to the MEV and GEV approach. These advantages are especially apparent when

analyzing rare, short-duration precipitation extremes when only a short observation period is available (Dallan et al., 2023).



60

65

70

75

80

85

Both the GEV and sMEV approaches can account for non-stationarity by allowing their parameters to vary with time-
dependent co-variates. Several co-variates, such as time or temperature, have been used to incorporate climate change effects
(Schlef et al., 2023). While non-stationary versions can improve accuracy by representing temporal changes, the additional
complexity may increase the uncertainty. Recently, Vidrio-Sahagtn et al. (2023) compared the non-stationary versions of
SMEV (NS-sMEV) and GEV (NS-GEV) for daily rainfall observations in Mexico. Their study indicates that linear NS-sMEV
distributions outperform linear NS-GEV distributions in terms of fitting efficiency, accuracy, and uncertainty. Furthermore,
Marra et al. (2024) showed for a case study in Switzerland that NS-sMEV distributions with a scale parameter that exponen-

tially depends on temperature efficiently represent observed temperature scaling rates.

Despite recent advances in the development of the SMEV and NS-sMEV approaches, several knowledge gaps remain. The
performance of return level estimation is highly dependent on the spatial (Araujo et al., 2023) and temporal scale, highlighting
the need for further research to understand which approach should be used when (as proposed by Vidrio-Sahagtn et al. (2024)).
In particular, studies comparing the GEV and sMEV performance for hourly precipitation over greater regions are missing.
Furthermore, there are no multi-decadal studies investigating the effect of climate change on the return level estimation and

uncertainty of the SMEV.

Here, we address these gaps by analyzing hourly precipitation over a Central European domain, using high-resolution,
convection-permitting simulations of the Consortium for Small-scale Modeling (COSMO; Rockel et al. (2008)). The simula-
tions cover three 30-year periods, 1971 - 2000, 2031 - 2060, and 2071 - 2100, under a high-emission scenario. We apply both
stationary and non-stationary versions of the sSMEV and GEV models to assess return levels of hourly precipitation, demon-

strating for the first time their applicability based on multi-decadal, convection-permitting simulations over a greater domain.

This approach allows us to investigate differences between the GEV and sMEV for hourly return level estimates, as well
as their sensitivity to small samples. The latter is particularly important when estimating magnitudes of large return periods
based on short observational records. Regional patterns for return level and uncertainty differences are discussed in the context
of varying climate characteristics in conjunction with a fixed left-censoring threshold of the SMEV approach. Additionally, the
uncertainty differences between the GEV and sMEV are investigated under varying sample sizes. The long time series used

in the analysis allows us to reveal trends in return level estimates under global warming. Finally, we evaluate the benefits and
limitations of the four extreme value approaches by comparing their estimates and uncertainties.
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Figure 1. (a) Study area, including 425x415 grid points which are mapped using a rotated pole projection. (b) Time series of the mean annual

temperature averaged over the study area considering three 30-year periods.

2 Study area and data

2.1 Study area

The Central European domain is centered over Germany including parts of the neighboring countries (Fig. 1(a)). The study
area includes the northern lowlands, low and middle mountain ranges and large parts of the Alps, covering a wide variety of

orographic complexity. Approximately a third of the area is covered by the North Sea and Baltic Sea in the north.

Using the Koppen-Geiger climate classification, the region can be divided into three distinct climate zones (Beck et al.,
2018). The western and northwestern areas are characterized by a temperate climate without dry seasons and warm summers
(Ctb). The-Most of the northeastern, eastern and southeastern areas have warm summers and no dry season, but are classified as
cold climates (Dfb). The southern and-seuthwesternregions covering the Alps fall mainky-within-the-partly within the subarctic
(Dfc) and polar tundra category (ET) (Fig. S8). The entire study area is regularly affected by extra-tropical cyclones and con-
vective rain events (Ulbrich et al., 2009; Hawcroft et al., 2012; Pacey et al., 2023; Taszarek et al., 2020). Its relatively humid
conditions (Zomer et al., 2022) lead to a large number of rainfall events. The number and relative intensity of these events are

of particular importance in the sSMEV method (Marra et al., 2018).

2.2 Data

We use convection-permitting simulations of the regional climate model COSMO (Rockel et al., 2008). The boundary con-

ditions stem from the Model for Interdisciplinary Research on Climate (MIROCS) under the high-emission scenario RCP8.5
(Riahi et al., 2011). This scenario

spans a wide range of regional warming levels, allowing analysis beyond weak warming conditions. It leads to a drastic tem-
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perature increase over the domain (Fig. 1(b)). However, recent literature suggests that future warming levels will likely sta
below this scenario (Hausfather and Peters, 2020).

MIROCS resolves the atmosphere horizontally for the entire globe at a scale of ~1.4° (Watanabe et al., 2010) and has been
found to represent the Central European climate well (McSweeney et al., 2015). The downscaling is carried out for three time
periods, 1971 - 2000, 2031 - 2060, and 2071 - 2100, using a two-step nesting strategy with an intermediate nest of ~12.5km
and the final resolution of 0.0275° (~3km) for our study area (Rybka et al., 2023)). This scale allows to resolve deep con-
vection explicitly while shallow convection is still parameterized (Purr et al., 2019). Here, deep convection refers to storms
which extend throughout the whole troposphere and are characterized by strong upward winds. Shallow convection refers to

convective processes in which clouds extend only up to around one kilometer in elevation (Arya, 2001).

Driven by boundary conditions of the ERAS reanalysis, Rybka et al. (2023) find good agreement between hourly return
levels derived from COSMO, radar measurements and rain gauge data over Germany. However, the COSMO model has a
slight tendency to overestimate hourly extremes. This overestimation is particularly pronounced at higher elevations (Dallan
et al., 2023), obscuring the reverse orographic effect. This effect refers to the observed decrease in annual maxima of hourly

precipitation in highly elevated areas with complex terrain, such as the Alps (Allamano et al., 2009; Avanzi et al., 2015).

3 Methods

The analysis is performed using both stationary and non-stationary versions of the SMEV and GEV distributions. The eede
software for the statistical analysis, written in Matlab R2023b, is based on previous work by Marra (2020) and Marra and Peleg
(2023); butincludessubstantialmodificeations-and-additions—, Certain smaller functions, like inversion or optimization routines

are used with minor modification. However, the greater framework of the analysis is entirely rewritten. For more information
see the "Code availability" section.

All parameters are estimated using the method of L-moments, which places-more-emphasis-on-the-tail-of the-distribution
allows for a more robust parameter estimation compared to the maximum likelihood estimationtHosking;+996),-and-istess
sitive-to-smaltsample sizes and-individuatlarge vatues(Posehlod; 202 H- In comparison, the L-moment method has reduced
1990). The dis-

tributions are fitted to hourly precipitation separately at individual grid cells of the COSMO simulation, amounting to a total

of 175,545 fits across the study area. Note that other parameter estimation methods include regional information in local
estimations. This information expansion serves to spatially smooth parameter estimates and, as a result, return level estimates
as well (Hosking and Wallis, 1997; Blanchet and Lehning, 2010; Schellander et al., 2019). In turn, results are spatially less
noisy and potentially more robust. However, these methods have the potential of hiding local extreme value characteristics.
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Additionally, for real world application such regional data may not always be available.

After estimating the parameters, we calculate return levels for return periods between 5 and 200 years. In addition, we
compare the performanee-sensitivity to small samples of the GEV and sMEYV distributions using the relative root-mean-square
error (RRMSE) for different sample lengths and return periods. For each sample length smaller than 90 years, we generate
artificial datasets by repeatedly bootstrapping the available years similar to Zorzetto et al. (2016). The entire 90-year time
series (1971 - 2000; 2031 - 2060; 2071 - 2100) defines the benchmark return levels RL;,...(RP), by which the RRMSE is

measured. Note that the estimated return levels are not compared to a ground-truth which is based on real-world observation

but instead to return levels estimated using a longer climate model time series. For a sample length S'L and a return period RP,

the estimated return level RL! ;. (SL,RP) is calculated n = 100 times with i € {1,...,n}. For a specific SL and RP, the

estim
RRMSE is defined by:

RL:_,. (SL,RP)— RLiyu.(RP) ) 2 W

1 n
RRMSE(SL,RL)=,|—
( ’ ) \/’H 1:21 ( RLtrue (RP)

Note that bootstrapping years from all time periods destroys their serial correlation and neglects non-stationary due to cli-
mate change. However, the purpose in calculating the RRMSE is to assess the variations in uncertainties across different
distributions, spatial domain, sample lengths, and return periods. Compared to these variations, effects introduced by climate

change are relatively small, with relatively small variation in the RRMSE under global warming (see Fig. S12, S13 & S14).

Thus, we choose to ignore the temporal trends to focus on other types of variability.

31 GEV

The stationary GEV is widely used in rainfall extreme value statistics (Martins and Stedinger, 2000; Villarini and Smith,
2010; Cheng et al., 2014; De Paola et al., 2018; Merz et al., 2022; Gentilucci et al., 2023). It is based on the block maxima
sampling approach, whereby the maximum value within a specified time block — typically one year — is selected for analysis.
Specifically, we assume that inter-annual hourly rainfall maxima are independent and identically distributed. According to the
Fisher—Tippett—-Gnedenko theorem (Fisher and Tippett, 1928; Gumbel, 1954), the distribution of annual maximum hourly
rainfall (RX1h) converges to the GEV distribution for a sufficiently large number of years. For the GEV distribution, any
return period (RP) has the associated return level (RL) of

o 1 —¢
RLRPZM—<<1—<—ZOQ<1—RP)> ) V¢ #0. 2)

Here, the location parameter p € R determines the center of the distribution, the scale parameter 0 < o € R controls the

spread, and the shape parameter ¢, € R governs the tail of the distribution, respectively. This method has the advantage that for
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intra-annual precipitation events no underlying probability function has to be assumed.

In a warming climate, the assumption that annual maxima arise from identical distributions is no longer valid. To account
for this non-stationarity, the parameters of the GEV can be modeled as function of a co-variate. Here, we use the mean annual
near-surface temperature averaged over the study area (Figure 1(b)) as co-variate. The choice of the spatial domain is motivated
by Keune and Miralles (2019), who found that most moisture supplying precipitation over Central Europe originates from local
sources. Since we are interested in the long-term effect of global warming on precipitation, the mean annual temperature is an
adequate representation of climate change.

Following Vidrio-Sahagun et al. (2023) and Agilan and Umamahesh (2017), we introduce non-stationarity by modeling the
location parameter as a linear function of temperature p(t) = po + ferend * T. This parsimonious version avoids the sensitivity
associated with making the scale and shape parameters temperature-dependent (Cheng et al., 2014). Furthermore, the inclusion
of only one additional parameter increases the computing load only slightly. While simplified, it provides a reasonable estimate

of how extreme hourly precipitation is affected by temperature changes (De Paola et al., 2018).

3.2 sMEV

The block maxima approach using annual values requires a relatively large sample size to mathematically justify the use of
the GEV distribution, which can lead to large estimation uncertainties for short records (Veneziano et al., 2009). To address
this limitation, the SMEV approach was developed by Marra et al. (2020), based on previous work by (Marani and Ignaccolo,
2015), Marra et al. (2019). This approach can also be interpreted as a block maxima method; however, here the blocks corre-
spond to independent rainfall periods separated by dry intervals. The maximum hourly rainfall for each rainfall period is called
an ordinary event (Fig. 2(b)). The method further assumes that all ordinary events across several years can be separated into

groups. Each group follows a certain probability distribution reflecting the underlying physical processes.

For the event separation, we choose 12 hours as the minimum dry period between events, which is a slightly more conser-
vative choice compared to (Marra et al., 2020). Additionally, we focus on the upper quantile of ordinary hourly rainfall events
within each year. Thereby, we assume that all events in this fixed upper quantile are governed by the same physical processes.
This is a reasonable assumption for a sufficiently large threshold, since Barbero et al. (2019) showed that in the mid-latitudes,

annual maxima of hourly rainfall precipitation are primarily a result of short convective storms.

The Weibull distribution is a good choice when modeling heavy-tailed sub-daily rainfall extremes, as it is heavy tailed if the

inverse shape parameter 0 < w < 1 (Marra et al., 2018). The return level (RL) for any return period (RP) can be expressed as

X 5
RLRP =C (—log (1— (1— RP) >> (3)

3|~



205

210

215

(@) I (b)

0 130
35 12082
[
€ ]
30
E 1105
S =
o °
ZSE 5
a 1005
209 8
= €
90 2
15 =
S it 8
12°E 15°E 18°E 10 80
(c)
o
=2
o
(o]
218
()
b}
|23
514
o
o)
5]
210
[0}
K =
& 6
3+
45.8°N 51.6°N 57.4°N
Latitude

Figure 2. Average RX1h magnitude (a) and average annual number of ordinary events (b) over the study area. Number of RX1h events in the
dataset, averaged over the latitudes, that fall outside the 90% interval of the sSMEV using the 95th percentile as threshold for ordinary events
(c). All sub-plots refer to the full 90-year time series.

Here, 0 < C,w € R are the scale and the inverse shape parameter, respectively, and 0 < € R is the average number of

ordinary events per year.

The upper quantile must be determined carefully, as including low-intensity events may not be representative of hourly
precipitation extremes, whereas including too few events leads to large uncertainties (Wang et al., 2020). To determine an
appropriate left-censoring threshold for the ordinary events, we use a test proposed by Marra et al. (2020). This test iteratively
evaluates the likelihood that the observed RX1h values arise from a specific left-censored sSMEV distribution;+while-inereasing

the-, Starting with a very low left-censoring threshold —Fereach-teration—p € [0, 1), the SMEV is fitted to all ordinary event
greater than the p-quantile. Based on this SMEV distribution, nx/V events are randomly sampled, with the maxima across 7
yielding N RX1h events. Repeating this random sampling many times yields the 90% confidence intervat-is-computed-for
intervals of the nth largest RX1h values Vn € {1,..., N }s-and-. Next, the proportion of actual RX1h values falling within this
confidence interval is assessed. The-optimal-If the number of events outside the confidence interval is larger than 10%, the
loop is repeated with an incrementally larger left-censoring threshold. Otherwise, this left-censoring threshold is chosen as the

Owe e o e s s EE ST B R R e S e X R e e ~-*-=
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the loop ends. In our case, this corresponds to the 95% percentile. For consistency, we choose the 95th percentile as the left-
censoring threshold for the whole study area, as a constant threshold makes it easier to compare and interpret the uncertainty

of the sSMEV approach across the spatial domain.

Applying this test with the 95% threshold reveals a pronounced north-south gradient. In the central and southern parts of the
study region, less than 10% of the RX1h values fall outside the 90% confidence interval, whereas this proportion can exceed
20% in regions north of 53°N (Fig. 2(c)). This pattern indicates that a greater number of events could be considered in the
south while still satisfying the test criteria, whereas higher thresholds would be required in the north (see also Fig. S3). Thus,
our choice of threshold limits the number of grid points which fail the test, while at the same time maximizes the number of

available data points.

The optimal threshold is expected to vary across climatic regions, and different studies have adopted different values accord-
ingly. For example, Marra et al. (2019) use the 75th percentile for Israel, while Miniussi and Marra (2021) choose the 90th
percentile for daily precipitation in Germany. Similarly, Wang et al. (2020) select the 90th percentile for hourly precipitation
of five rain gauges in western Germany, and Dallan et al. (2023) and Marra et al. (2024) apply the 90th percentile for hourly
and sub-hourly precipitation in northern Italy and Switzerland, respectively. Our chosen threshold is higher than those in com-
parable studies, likely reflecting the moist climatic conditions of our study area which is characterized by many low-intensity
rainfall events. However, it may also reflect methodological differences, such as our use of simulation data for grid cells of

approximately 9 km? rather than station data

Marra et al. (2019) introduced a variation of the SMEV distribution to account for non-stationarity in the underlying data.
Following Vidrio-Sahagin et al. (2023), we investigate the NS-sMEV formulation in which the scale parameter C' and the
number of ordinary events n depend on the spatially averaged annual temperature 7". However, instead of a linear relationship
we adopt the approach of Marra et al. (2024) and model the scale parameter as an exponential function of temperature, such
that C' = Coecl*f, while the number of events depends linearly on temperature, i.e. 7 = ng + ny * T with Co,C1,n9,n1 €R.
Marra et al. (2024) showed that the exponentially temperature-dependent scale parameter effectively reproduces the observed

Clausius-Clapeyron relationship.

Introducing non-stationarity into probability distributions can substantially increase the computing power required for pa-
rameter estimation. Moreover, adding variables raises the risk of overfitting. For both the NS-GEV and NS-sMEYV, we therefore
adopt simple non-stationary formulations, while choosing the relationships most likely to capture the change in return levels

with increasing temperatures. Based on Vidrio-Sahagun et al. (2023) and Marra et al. (2024), this is a linear dependence of

the GEV location parameterand-an-exponential-dependence-of-the-sMEV-seale-parameter—, while other parameters are kept
constant. For the SMEYV distribution the shape parameter is kept constant, while the scale parameter is exponentially dependent

on temperature. Calculating the number of ordinary events is computationally inexpensive; hence, we also allow this param-
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eter to vary with temperature without significantly increasing the computational burden. We have confirmed the added value

of these non-stationary distributions applied to the whole dataset by calculating the corrected Akaike’s information criterion

similar to Kim et al. (2017) (Fig. S15). Compared to stationary distributions the non-stationary distributions have a smaller

value for the corrected Akaike’s information criterion and thus add value when applied to this dataset.

4 Results
4.1 Comparison of stationary GEV and sMEV

Across the study area, the GEV location and scale parameters generally increase with time, indicating an increase of extreme
precipitation in a warmer climate (Fig. 3(a)). Relative to the historical period, the spatially averaged location parameter in-
creases by 10% and 28% in the near and far future, while the mean scale parameter increases by 17% and 29%, respectively. In
contrast, the shape parameter shows a slight decrease due to climate change, with the spatial mean around 0.15. It also exhibits
high spatial variability, with an inter-quartile range between 0 and 0.3 for all three periods. The largest contribution to the
increase in return levels comes from the increasing scale parameter, which directly amplifies extreme precipitation magnitudes

(Fig. S1).

For the SsMEV distribution, the mean inverse shape parameter decreases from 0.52 in the historical period to 0.49 in the far
future (Fig. 3(b)). The scale parameter slightly decreases from 0.7 (1971-2000) to 0.67 (2031-2060) before increasing to 0.73
in the far future. The average annual number of ordinary events decreases only slightly over time, from around 110 in the past
period to around 108 in both future periods. The main driver of temporal changes in SsMEV-based return levels is the decrease

of the inverse shape parameter, as lower values translate into higher extremes (Fig. S1).

These parameter changes result in increasing return levels when spatially averaged over the study domain (Fig. 4(a) and
4(b)). The GEV and sMEV agree for moderate return periods of 10 years or less, but begin to diverge at higher return periods
(Fig. 4(c)). Specifically, the SMEV tends to estimate lower return levels in the past, but higher return levels in the far future

compared to the GEV. However, the median difference between the two approaches remains below 10%.

We find a distinct spatial pattern in the return level difference between SMEV and GEV (Fig. 4(d)). For the 100-year return
level and the past period, the return level difference shows a clear north-south gradient: GEV estimates are higher in the north,
while SMEV return levels are higher in the south. This pattern becomes even more pronounced in the future time periods (Fig.
S2). Although this spatial pattern holds for all return periods (see Fig. S9 and S10), it is less distinct for lower return periods.

Next, we calculate the temperature scaling of the return levels for each grid point, using the historical period as the baseline.

Scaling is expressed per degree of warming for the 10-year and 100-year return periods, with temperature defined as the aver-

10
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Figure 3. GEV parameters (a) and SMEV parameters (b) for different time periods. The violin plots show the shape, scale, and location
parameters of the GEV and the inverse shape, scale, and number of ordinary events of the SMEV across the study area. The blue area is

defined by a kernel density distribution with the black bar marking the 25th and 75th quantiles, while the white marker indicates the mean

values.

age value over the whole domain for each time period. For both return periods, the GEV approach yields a mean temperature
scaling of around 6% (Fig. 5(a)). The sMEV approach yields higher average scaling: around 8% for the 10-year and around
10% for the 100-year return period (Fig. 5(b)). For both approaches and both return periods, the spatial variability decreases
when considering the difference in the first and third time period compared to the first and second. For the 10-year return

period, both approaches yield similar spatial variability. For the 100-year return period, the SMEV approach has a significantly
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Figure 4. Spatially averaged return levels (RL) of the GEV (a) and SMEV (b) for different return periods and time periods. Difference in the
spatial median return level of SMEV and GEV (c). Difference in the 100-year return level of sMEV and GEYV for the period 1971-2000 (d).

lower spread of scaling parameters.

The spatial distribution of the temperature scaling rate is shown using the 10-year return level as an example. Both the
GEV (Fig. 5(¢)) and sSMEV (Fig. 5(d)) exhibit a similar north-south gradient with higher scaling rates in the north of the stud
region and smaller values towards the south. An exception is the Alps region, which shows higher scaling rates compared to
other locations at similar latitudes. Compared to the SMEV, the GEV exhibits slightly higher scaling rates in the northern sea
regions and slightly lower values in the center of the study domain, as well as smaller values around the Alps region (Fig. SL1).

The uneertainty-of-thereturnlevel-estimation-sensitivity to small samples for varying return level estimates is quantified

by the relative root-mean-square error (RRMSE). Here, the return levels derived by considering the whole 90-year time series
serve as ground-truth, Both GEV and sMEV generally have a relative error below 10% when the sample size exceeds the return

period for which the return levels are estimated (Fig. 6(a) and 6(b)). The GEV shows a slight increase in relative error with

larger return periods, whereas the SMEV is less sensitive to the return period, except for very short return periods. Furthermore,
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Figure 5. Temperature scaling for the 10-year and 100-year return levels for the GEV (a) and sSMEV (b) approach across the study area. Fhe
For Fig. (a) & (b) the y-axis shows the relative change of the return level per degree of warming, based on the 30-year average temperature
of each period. The temperature scaling is shown for the difference between the first and second period as well as the first and third period.

Black bars mark the 25th and 75th quantiles with the white marker showing the mean. The dashed line indicates the Clausius-Clapeyron

scaling of Z—Z". Figures (c) and (d) display the 10-year return level change per degree of warming for the GEV (c) and sSMEV (d) approach.
The rate of change is calculated based on the return levels of the periods 2071-2100 and 1971-2001.

the GEV performs poorly when the sample length is smaller than 25 years, with relative errors far exceeding 100%. The ratio
of the sSMEV and GEV RRMSEs (Fig. 6(c)) highlights that the two methods yield similar errors only for very small return
periods and relatively large sample sizes. For return periods larger than 25 years and sample sizes greater than 30 years, the
GEV has approximately double the relative error. For small sample sizes, the SMEV strongly outperforms the GEV, often by
several orders of magnitude. The spatial pattern of the RRMSE ratio is similar to the difference in return levels. For the case

of the 100-year return period and 30-year sample size, which is representative for most combinations, SMEV yields a relative
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Figure 6. Relative root-mean-square error (RRMSE) as function of sample size and return period for the GEV (a) and sMEV (b). Ratio of
the RRMSE values of SMEV and GEV (c). A ratio around 1 (dark blue) indicates that the GEV and sSMEV have similar RRMSE values.
Values around 0.1 (yellow) indicate that SMEV performs around ten times better. The calculation is based on bootstrapping the respective

sample length 100 times from all available years.

error that is ~3 times smaller in the north and ~2 times smaller in the south compared to the GEV (Fig. S4).
310

4.2 Comparison of non-stationary GEV and sMEV

Both non-stationary approaches were fitted to the individual time periods as well as the entire 90-year time period (Fig. S5).
The spatial mean 100-year return level is used to visualize the difference for the NS-GEV (Fig. 7(a), solid lines) and NS-SMEV
(Fig. 7(b), solid lines). When fitted to 30-year time periods the 100-year spatial mean return levels of the NS-GEV are consis-
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Figure 7. The 100-year return levels, averaged over the study area, of the NS-GEV (a) and NS-sMEV (b). Solid lines denote the 100-year
return levels of four non-stationary distributions fitted to each respective time period and to the combined time period. Dashed lines are the
respective return levels of the stationary distributions. Each plot is constraint to the annual spatial average temperatures values present in the

respective time period. Average return level difference of the NS-sMEV and NS-GEV when both are fitted to the entire time series (c).

tently higher than for the stationary GEV (Fig. 7(a), dashed lines). Meanwhile, the NS-SMEYV shows more agreement in spatial
mean 100-year return levels compared to the stationary SMEV (Fig. 7(b), dashed lines).

Furthermore, when the non-stationary distributions are fitted to the entire available time series (combining 1971-2000, 2031-
2060, and 2071-2100) the predicted 100-year return levels differ to the distribution fitted to individual time periods within their
respective temperature range. Both distributions predict higher average return levels for lower temperatures and lower average
return levels for higher temperatures. This low sensitivity to temperature is more visible for the NS-GEV compared to the
NS-SMEV. While the 100-year return level was used as an example, the previous statement applies on average to all other
return levels (Fig. S6). Moreover, Fig. 7(c) shows that in absolute terms the return level difference between the NS-GEV and

NS-SMEYV are on average larger for greater return periods.
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5 Discussion
5.1 Stationary distributions

First, it is important to characterize the alterations of distribution parameters under climate change. For lower return periods
the scale and location parameter of the GEV are both causing an increase of similar magnitude, while the change in the shape
parameter can be neglected (Fig. S1). For higher return periods the location and shape parameter cause an opposite effect of
similar magnitude, while the scale parameter causes a significantly larger increase. It is a noteworthy result that the median
shape parameter of the GEV is decreasing, making the distribution less heavy-tailed (Fig. 3(a)). This is in stark contrast to
the SMEV approach. Here the median distribution gets more heavy-tailed causing a significant increase in the return levels,
particularly for high return periods. The change in the scale parameter is comparably small, while the change in the number
of ordinary events can be neglected entirely. The difference between both approaches indicate that the relationship between
annual maxima changes in a fundamentally different way to the relationship of the largest 5% of ordinary events throughout

the time periods.

Comparing the return levels derived by the stationary models, we observe that for the past period the GEV generally pro-
vides higher return levels than the SMEV. However, in a warming climate, this pattern seems to reverse, with the SMEV
predicting relatively higher return levels. This behavior is governed by a temperature scaling of the GEV which is slightly
below the Clausius-Clapeyron-scaling of 7% per °C, with the sSMEV being slightly above it (Fig. 5). This combines with
the spatial north-south gradient in differences between the SMEV and GEV (Fig. 4(d)). Our results show a similar pattern to

Rybka et al. (2023) which analyzed scaling rates of the 10-year return level for 3-hourly rainfall extremes. Their results are
derived using the peak-over-threshold method and are constraint over Germany (Fig. 8 in Rybka et al. (2023)). Similar to our
results they find higher scaling rates in the north of Germany, however our results show higher scaling rates on average, which
is in part due to our study domain being larger.

The spatial patterns shown in Fig. 4(d) and Fig. 5(c) & (d) rare closely linked to the climatological characteristics of the

study domain, The northern regions generally have lower elevations (Fig. 1(a)), have more ordinary events and smaller hourly
rainfall extremes (Fig. 2), governed by an oceanic climate. In the south, the annual rainfall is significantly higher, enhanced
locally by orographic lifting while governed by a continental climate. These southern regions also experience higher tempera-

tures during the extended summer season, when convective events mostly occur.

In order to understand what role these climatic factors might play, we emphasize that the SMEV considers more than just
the largest annual rainfall value. This is done under the assumption that all ordinary events stem from the same physical pro-
cesses. Fig. 2(c) shows the test which evaluates the adequacy of the 95% left-censoring threshold. It reveals that in the northern
latitudes, the largest annual hourly precipitation value deviates more often from the assumed distribution. The change in the

curve along the latitude is quite abrupt and matches with the spatial pattern of the differences in return level and uncertainty.
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The likely cause of this geographical variability is that the number of ordinary events considered by the SMEV is higher in the
northern regions. In turn, the events that are considered are less likely to be a result of deep convection as the process causing
the most extreme precipitation in Central Europe (Arakawa, 2004). As a result, the SMEV estimates lower return levels for

large return periods in the northern regions (Fig. 4(d)). Due to the more intense RX1h events in the South, there is a south-

wards increase in return level differences. Additionally, climate change affects the moist northern region of the study domain
differently to the relatively dryer south. Accordingly, both the GEV and sMEV approach estimates that higher temperature
scaling rates in the north of the study domain. However, the GEV estimates higher scaling rates in the maritime north, while

While our analysis highlights the spatial and climate change-related discrepancies between sSMEV and GEV and discusses
possible reasons, the exact cause remains unclear. We emphasize that there is a high sensitivity to the climatic conditions (spa-
tially and under climate change) when comparing the SMEV to the GEV. More research and more applications of the SMEV to
different climates are needed to fully understand what drives this shift. We also recommend further research on the choice of

the SMEV left-censoring threshold for a more robust application on regional to continental scales.

Further applications of SMEV are beneficial, as the sSMEV is able to estimate accurately return levels of small probabilities
based on small samples (Fig. 4). This is in line with the results for daily precipitation over Austria from Schellander et al.
(2019). However, unlike Schellander et al. (2019), in our study, the estimation skill of the SMEV does not deteriorate with
larger return periods. Furthermore, in opposition to Schellander et al. (2019), the GEV is outperformed even if the sample size
is greater than the return period to be predicted. The spatial distribution of the RRMSE contributes to explaining these differ-
ences. Generally, the GEV shows higher uncertainties in the north compared to the SMEV, whereas the lowest uncertainties
are diagnosed over Austria. In turn, the spatial distribution of the RRMSE of the SMEV is homogeneous (Fig. S4). Hence,
within our study area, the GEV shows its best performance over Austria compared to the SMEV. Still, our findings indicate
that the SMEV may be even more beneficial for hourly extremes than for daily extremes when rare return levels are needed.
For moderate extremes up to 10-year events, the GEV performs just as well as the SMEV (Fig. 4). Based on these findings, the
variability of the RRMSE differences between the GEV and sMEV is mainly driven by the variability of the GEV.

5.2 Non-stationary distributions

For the NS-GEYV, the spatial average return level is higher compared to the stationary GEV when only 30 years are used to
fit the distribution (Fig. 7(a)). This is likely driven by the relatively high RRMSE of the GEV (Fig. 6(c)) coupled with the
additional uncertainty that is introduced by adding another parameter in the NS-GEV. This increased uncertainty makes large
outlier values more likely, causing the upward shift in average return levels. This increasing trend is much less prevalent when

the spatial median return levels are considered (Fig. S7). In contrast, the average and median return levels of the NS-sMEV are
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much more similar (Fig. 7(b) and S7).

The different sensitivities to increasing temperature in Fig. 7 are mainly driven by the varying design of the NS-GEV and
NS-sMEV (also see Fig. S6). The NS-GEV depends linearly on temperature, while the NS-sMEV is affected both linearly
and exponentially. Moreover, for the NS-GEV, a linearly dependent location parameter does not represent the change in return
levels well (Fig. S6). In fact, the scale parameter should also be non-stationary when trying to capture the effects of climate
change, because the scale parameter has a greater effect on the tail of the distribution (Fig. S1). However, as noted earlier, this

might amplify the comparatively large RRMSE of the GEV.

For the NS-sMEV the change in the number of ordinary events has little impact on the change in return levels (Fig. S1).
Thus the change in return levels is mainly driven by the exponentially dependent scale parameter. The changing scale parame-
ter is somewhat able to capture some of the increase in return levels with warmer temperatures (Fig. 7(b)), despite the inverse
shape parameter initially impacting the return levels the most. Yet, we still have a significantly lower sensitivity when the the

distribution is fitted to all time period instead of the individual ones.

In general, the accuracy of the NS-sMEV and NS-GEV in capturing climate change related changes in extreme precipita-
tion are closely related to accurately capturing the temperature scaling rate shown in Fig. 5. Studies from (Berg et al., 2019b),
(Poschlod and Ludwig, 2021a) and (Lenderink et al., 2021) indicate complex and non-linear behavior of temperate scaling rates
for very strong climate change scenarios. In particular, (Lenderink et al., 2021) indicate that over central Europe the average
temperature scaling rate of the 99th percentile of hourly precipitation is slightly larger than 10%. Thus, comparing scaling rates
of the GEV and sMEV for our simulation, the SMEV is more aligned to other results. In combination with the more complex
design of the NS-sMEV makes it likely that the NS-sMEV does a better job capturing changes in extreme precipitation caused
by a strong global warming. However, for weaker warming trends more simple or linear non-stationary distributions may be

adequate.

This case study is motivated in part by (Vidrio-Sahagtin and He, 2022) and (Marra et al., 2024) which highlight the potential
for applying non-stationary SMEV distributions under climate change. Vidrio-Sahagtn et al. (2023) is one of few studies com-
paring the NS-sMEYV to the NS-GEV. This study applies the most promising and simple non-stationary versions of the GEV and
sMEV to investigate behavior under climate change. While the NS-sMEV does show promising results, neither non-stationary
version captures the increase in return levels well. Thus, they are not suited for estimating long term changes in return level.
More research is needed for more complex non-stationary versions to better account for the changes of extreme precipitation
in a warmer climate. As fitting uncertainty increases with increasing complexity, the robust SMEV framework offers a suitable

base for further investigation.
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5.3 Limitations

We identify four key sources of uncertainty that govern the findings of our study and any projections of extreme precipitation.
These are the internal climate variability, the model uncertainty, the scenario uncertainty (Wu et al., 2022) and the statistical

assumptions inherent in the extreme value distributions.

We do not have a quantification of the internal climate variability since we use a single COSMO run (Kay et al., 2015).
Poschlod and Ludwig (2021b) find that the temperature scaling of 10-year return levels varies between 4%/°C~! and 15%/°C~!
over Central Europe. Given that their findings are based on a 50-member single model initial-condition large ensemble of a
regional climate model parameterizing deep convection, the uncertainty range is higher for convection-permitting simulations
(Chen et al., 2021) and rarer return periods. Many modes of climate variability influence extreme rainfall that are not well
sampled with such short time periods. For example, the north Atlantic oscillation exhibits significant cycles with 34 years in
length Seip et al. (2019). Furthermore, our data record includes temporal gaps, which may lead to incomplete coverage when
analyzing the time periods that are available. An ensemble of model runs with slightly different initial conditions could mitigate

this uncertainty (Kendon et al., 2020).

Moreover, the COSMO model does not simulate real-world climate conditions perfectly. For instance, Haller et al. (2021)
have shown that the COSMO model slightly overestimates hourly precipitation extremes compared to KOSTRA estimates. The
KOSTRA approach estimates rainfall return levels based on historic rain gauge data (see Malitz and Ertel (2015); Junghénel
et al. (2017); Shehu et al. (2023)). Also different climate models show deviations in the projection of future rainfall extremes
in a warmer climate (Berg et al., 2019a). This uncertainty could be mitigated by performing a similar study with a multi-model
ensemble (Fosser et al., 2024).

Furthermore, we are only considering the high-emission RCP8.5 climate scenario. This is the most extreme future scenario
used by the IPCC (Pachauri et al., 2015). We cover regional warming levels of up to 7°C for the average annual temperature
(Fig. 1(b)), which might be considered as unrealistically strong warming. However, the strong warming poses the greatest chal-

lenge for the non-stationary distributions.Fh

Finally, we must recognize the statistical assumptions made when developing the statistical distributions. We have already
pointed out some of the assumptions made when applying the GEV and SMEV in Sect. 3. For the SsMEV, we assume that all
ordinary events stem from the same physical processes. Thereby, the choice of the left-censoring threshold induces uncertainty.
Focusing on the MEV approach Serinaldi et al. (2025) show how assuming an explicit parent distribution for a subset of all
events can be error prone. The authors also show, how neglecting inter-annual variability is especially problematic when few

observational years are available, which puts the relative advantages of the sSMEV approach into perspective. For the GEV,
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we assume that all hourly annual maxima are "extreme", which might be not the case in every year. Implicitly, we apply the

Fisher-Gnedenko-theorem on small sample sizes even though it only holds for sufficiently large samples.

In general, estimating large return levels from few observational years is highly uncertain regardless of the extreme value
method used. In reality, ereat care should be taken when estimating large return levels in such a way. The sensitivity to small
samples may seem relativity small in case of the SMEV. However, the true range of uncertainty may be far greater, if the

reviously mentioned assumptions are not met. Thus, especially the results based on a 30-year sample size should be viewed

with this limitation is mind (for instance Fig. 4 and Fig. 5). Moreover, small sample uncertainty and method uncertainty ma

have varying importance depending on the location and return level, For instance, when estimating a 100-year return level with
30 years of observations, the spatial average RRMSE of the GEV and SMEV is 34.6% and 12.5%, respectively, while the return
level differences tend to be lower in the center of the study domain and regularly exceed 40% towards the extreme north or
south (see Fig. 4(d)).

As mentioned, the application of non-stationary extreme value distributions are potentially subject to large uncertainties. By
applying the NS-GEV to discharge data, Serinaldi and Kilsby (2015) highlighted the dangers of erroneously assuming non-
stationarity. More generally, the authors provide an in depth discussion on the pitfalls of applying non-stationary extreme value
distributions in practice. Furthermore, we assume that regional near-surface temperature is a suitable co-variate to describe the
change in return levels due to climate change, which is motivated by other studies but not following our physical understanding.
Ultimately, despite some assumptions being hurt, the applied extreme value distributions are a useful tool to assess occurrence

probabilities of hourly extreme precipitation. Still, they always remain a simplifying description of reality.

6 Conclusions

This study presents a comprehensive analysis of extreme hourly precipitation under future climate change conditions using
convection-permitting climate model simulations. Both stationary and non-stationary versions of the GEV and sMEV are as-
sessed in terms of their accuracy and robustness in estimating hourly rainfall return levels. Our findings highlight several key
differences between the GEV and sMEV distributions, notably their deviating sensitivity to spatial variability and climate
change. While we can confirm the robustness of the SMEV framework on small sample sizes, we further find higher accuracy
for hourly precipitation extremes compared to the GEV. However, we identify limitations of the approach demanding further
research. A careful selection of the left-censoring threshold and its sensitivity to different climatic conditions might require
spatially varying threshold choices. This would induce additional complexity, uncertainty, and limited comparability across the

study domain, but could improve the performance of the SMEV.
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Our results show that the simple non-stationary implementation of the NS-GEV fails to capture the strong changes in ex-

treme precipitation under the high-emission scenario, whereas the NS-sMEV better accounts for these dynamics. Still;the

needed-to-represent-strong-changesHowever, neither of the chosen non-stationary distributions are able to fully capture the
effect of climate change on extreme precipitation. It is likely that more degrees of freedom in the non-stationary parameters of

the distributions are necessary to improve the ability of capturing the effect of climate change. Such extensions will inevitably
cause a super-linear increase in the computing power necessary to fit the parameters. Moreover, the uncertainty is expected to

increase alongside the number of parameters. A decision framework, such as that proposed by Vidrio-Sahagin et al. (2024),

can guide the selection of statistical approaches based on user-specific circumstances.

We suggest that future research on the choice of the left-censoring threshold and on refining non-stationary statistical models
cover various regions and data sources to address open questions in the SMEV framework. Priorities include: (a) conducting
regional to continental studies to assess the challenges and benefits of a spatially varying left-censoring threshold, (b) applying
the SMEV on single model initial-condition regional climate model ensembles to explore the sensitivity to internal climate
variability, (c) applying the SMEV on multi-model climate model ensembles to examine the sensitivity to model uncertainty,
and (d) refining non-stationary SMEV versions based on convection-permitting climate model ensembles to overcome the lim-

itations of small sample sizes.

Code availability. The COSMO simulations (Haller et al., 2022a, b) are provided openly by the German weather service (Deutscher Wetter-
dienst). In large parts the statistical analysis is based on software from Marra and Peleg (2023). Particularly subfunctions regarding the sMEV
distribution were used with minor or no alterations. However, the software required substantial alterations and additions. Several hundred
lines of code were added. All software necessary to reproduce the results can be provided upon request and will be made publicly available.

The calculations were computed on the "Levante" supercomputer from "Deutsches Klimarechenzentrum".

Author contributions. ML contributed to the original draft preparation, review and editing of the manuscript, as well as conceptualization,
code development, data curation, investigation and methodology development. BP participated in reviewing and editing the manuscript,

conceptualization, and investigation. BM contributed to manuscript review and editing.

Competing interests. The authors declare that they have no conflict of interest.

21



520 Acknowledgements. The authors express their gratitude towards the "Deutsches Klimarechenzentrum" for providing the infrastructure nec-
essary to run the calculations. BP has been funded by the Deutsche Forschungsgemeinschaft (DFG, German Research Foundation) under

Germany’s Excellence Strategy — EXC 2037 “CLICCS - Climate, Climatic Change, and Society” — project no. 390683824, a contribution to
the Center for Earth System Research and Sustainability (CEN) of Universitit Hamburg.

22



525

530

535

540

545

550

555

References

Agilan, V. and Umamahesh, N. V.: What are the best covariates for developing non-stationary rainfall Intensity-Duration-Frequency relation-
ship?, Advances in Water Resources, 101, 11-22, https://doi.org/10.1016/j.advwatres.2016.12.016, 2017.

Allamano, P., Claps, P., Laio, F., and Thea, C.: A data-based assessment of the dependence of short-duration precipitation on elevation,
Physics and Chemistry of the Earth, Parts A/B/C, 34, 635-641, https://doi.org/10.1016/j.pce.2009.01.001, 2009.

Arakawa, A.: The Cumulus Parameterization Problem: Past, Present, and Future, J. Climate, 17, 2493-2525, https://doi.org/10.1175/1520-
0442(2004)017<2493:RATCPP>2.0.CO:;2, 2004.

Araujo, D. S., Marra, F.,, Ali, H., Fowler, H. J., and Nikolopoulos, E. I.: Relation between storm characteristics and extreme precipitation
statistics over CONUS, Advances in Water Resources, 178, 104497, https://doi.org/10.1016/j.advwatres.2023.104497, 2023.

Arya, S. P.: Introduction to micrometeorology, This is volume 79 in the International geophysics series, Academic Press, San Diego, 2nd ed
edn., ISBN 978-0-12-059354-5, 2001.

Avanzi, F.,, De Michele, C., Gabriele, S., Ghezzi, A., and Rosso, R.: Orographic Signature on Extreme Precipitation of Short Durations,
Journal of Hydrometeorology, 16, 278-294, https://doi.org/10.1175/JHM-D-14-0063.1, 2015.

Barbero, R., Fowler, H. J., Blenkinsop, S., Westra, S., Moron, V., Lewis, E., Chan, S., Lenderink, G., Kendon, E., Guerreiro, S., Li, X.-F.,
Villalobos, R., Ali, H., and Mishra, V.: A synthesis of hourly and daily precipitation extremes in different climatic regions, Weather and
Climate Extremes, 26, 100219, https://doi.org/10.1016/j.wace.2019.100219, 2019.

Beck, H. E., Zimmermann, N. E., McVicar, T. R., Vergopolan, N., Berg, A., and Wood, E. F.: Present and future Képpen-Geiger climate
classification maps at 1-km resolution, Sci Data, 5, 180214, https://doi.org/10.1038/sdata.2018.214, 2018.

Berg, P., Christensen, O. B., Klehmet, K., Lenderink, G., Olsson, J., Teichmann, C., and Yang, W.: Summertime precipitation extremes in a
EURO-CORDEX 0.11° ensemble at an hourly resolution, Natural Hazards and Earth System Sciences, 19, 957-971, 2019a.

Berg, P, Christensen, O. B., Klehmet, K., Lenderink, G., Olsson, J., Teichmann, C., and Yang, W.: Summertime precipitation ex-
tremes in a EURO-CORDEX 0.11° ensemble at an hourly resolution, Natural Hazards and Earth System Sciences, 19, 957-971,
https://doi.org/10.5194/nhess-19-957-2019, 2019b.

Blanchet, J. and Lehning, M.: Mapping snow depth return levels: smooth spatial modeling versus station interpolation, Hydrology and Earth
System Sciences, 14, 2527-2544, https://doi.org/10.5194/hess-14-2527-2010, 2010.

Chen, Y., Paschalis, A., Kendon, E., Kim, D., and Onof, C.: Changing spatial structure of summer heavy rainfall, using convection-permitting
ensemble, Geophysical Research Letters, 48, €2020GL090 903, 2021.

Cheng, L., AghaKouchak, A., Gilleland, E., and Katz, R. W.: Non-stationary extreme value analysis in a changing climate, Climatic Change,
127, 353-369, https://doi.org/10.1007/s10584-014-1254-5, 2014.

Dallan, E., Marra, F., Fosser, G., Marani, M., Formetta, G., Schir, C., and Borga, M.: How well does a convection-permitting regional
climate model represent the reverse orographic effect of extreme hourly precipitation?, Hydrol. Earth Syst. Sci., 27, 1133-1149,
https://doi.org/10.5194/hess-27-1133-2023, 2023.

De Paola, F., Giugni, M., Pugliese, F., Annis, A., and Nardi, F.: GEV Parameter Estimation and Stationary vs. Non-Stationary Analysis of
Extreme Rainfall in African Test Cities, Hydrology, 5, 28, https://doi.org/10.3390/hydrology5020028, 2018.

Fisher, R. A. and Tippett, L. H. C.: Limiting forms of the frequency distribution of the largest or smallest member of a sample, Mathematical

Proceedings of the Cambridge Philosophical Society, 24, 180-190, https://doi.org/10.1017/S0305004100015681, 1928.

23


https://doi.org/10.1016/j.advwatres.2016.12.016
https://doi.org/10.1016/j.pce.2009.01.001
https://doi.org/10.1175/1520-0442(2004)017%3C2493:RATCPP%3E2.0.CO;2
https://doi.org/10.1175/1520-0442(2004)017%3C2493:RATCPP%3E2.0.CO;2
https://doi.org/10.1175/1520-0442(2004)017%3C2493:RATCPP%3E2.0.CO;2
https://doi.org/10.1016/j.advwatres.2023.104497
https://doi.org/10.1175/JHM-D-14-0063.1
https://doi.org/10.1016/j.wace.2019.100219
https://doi.org/10.1038/sdata.2018.214
https://doi.org/10.5194/nhess-19-957-2019
https://doi.org/10.5194/hess-14-2527-2010
https://doi.org/10.1007/s10584-014-1254-5
https://doi.org/10.5194/hess-27-1133-2023
https://doi.org/10.3390/hydrology5020028
https://doi.org/10.1017/S0305004100015681

560

565

570

575

580

585

590

595

Fosser, G., Gaetani, M., Kendon, E. J., Adinolfi, M., Ban, N., Belusi¢, D., Caillaud, C., Careto, J. A., Coppola, E., Demory, M.-E., et al.:
Convection-permitting climate models offer more certain extreme rainfall projections, NPJ Climate and atmospheric science, 7, 51, 2024.

Fowler, H. J., Lenderink, G., Prein, A. F., Westra, S., Allan, R. P, Ban, N., Barbero, R., Berg, P., Blenkinsop, S., Do, H. X., et al.: Anthro-
pogenic intensification of short-duration rainfall extremes, Nature Reviews Earth & Environment, 2, 107-122, 2021.

Gentilucci, M., Rossi, A., Pelagagge, N., Aringoli, D., Barbieri, M., and Pambianchi, G.: GEV Analysis of Extreme Rainfall: Comparing
Different Time Intervals to Analyse Model Response in Terms of Return Levels in the Study Area of Central Italy, Sustainability, 15,
11656, https://doi.org/10.3390/sul51511656, 2023.

Golz, S., Naumann, T., Neubert, M., and Glinther, B.: Heavy rainfall: An underestimated environmental risk for buildings?, E3S Web Conf.,
7,08 001, https://doi.org/10.1051/e3sconf/20160708001, 2016.

Guichard, F,, Petch, J. C., Redelsperger, J., Bechtold, P., Chaboureau, J., Cheinet, S., Grabowski, W., Grenier, H., Jones, C. G., Kohler, M.,
Piriou, J., Tailleux, R., and Tomasini, M.: Modelling the diurnal cycle of deep precipitating convection over land with cloud-resolving
models and single-column models, Quart J Royal Meteoro Soc, 130, 3139-3172, https://doi.org/10.1256/qj.03.145, 2004.

Gumbel, E. J.: Statistical Theory of Extreme Values and Some Practical Applications. Lectures by Emit J. Gumbel. National Bu-
reau of Standards, Washington, 1954. 51 pp. Diagrams. 40 cents., The Journal of the Royal Aeronautical Society, 58, 792-793,
https://doi.org/10.1017/S0368393100099958, 1954.

Gumbel, E. J.: Statistics of Extremes, Columbia University Press, ISBN 978-0-231-89131-8, https://doi.org/10.7312/gumb92958, 1958.

Haller, M., Brienen, S., Rybka, H., Brauch, J., Friih, B., and Wetterdienst, D.: Evaluation of extreme precipitation in convection-permitting
climate simulations with COSMO-CLM for Germany, in: CLM Community Annual Assembly, 2021.

Haller, M., Brienen, S., Brauch, J., and Friih, B.: Historical simulation with COSMO-CLM5-0-16 version V2022.01, http://dx.doi.org/10.
5676/DWD/CPS_HIST_V2022.01, https://doi.org/10.5676/DWD/CPS_HIST V2022.01, 2022a.

Haller, M., Brienen, S., Brauch, J., and Friih, B.: Projection simulation with COSMO-CLM35-0-16 version V2022.01, http://dx.doi.org/10.
5676/DWD/CPS_SCEN_V2022.01, https://doi.org/10.5676/DWD/CPS_SCEN_V2022.01, 2022b.

Haslinger, K., Breinl, K., Pavlin, L., Pistotnik, G., Bertola, M., Olefs, M., Greilinger, M., Schoner, W., and Bloschl, G.: Increasing hourly
heavy rainfall in Austria reflected in flood changes, Nature, pp. 1-6, 2025.

Hausfather, Z. and Peters, G. P. Emissions — the ‘business as wusual’ story is misleading, Nature, 577, 618-620,
https://doi.org/10.1038/d41586-020-00177-3, 2020.

Hawcroft, M., Shaffrey, L., Hodges, K., and Dacre, H.: How much Northern Hemisphere precipitation is associated with extratropical
cyclones?, Geophysical Research Letters, 39, 2012.

Hosking, J. R. M.: L-Moments: Analysis and Estimation of Distributions Using Linear Combinations of Order Statistics, Journal of the Royal
Statistical Society Series B: Statistical Methodology, 52, 105-124, https://doi.org/10.1111/j.2517-6161.1990.tb01775.x, 1990.

Hosking, J. R. M. and Wallis, J. R.: Regional frequency analysis: an approach based on L-moments, Cambridge University Press, Cambridge
; New York, ISBN 978-0-521-43045-6, 1997.

Jenkinson, A. F.: The frequency distribution of the annual maximum (or minimum) values of meteorological elements, Quart J] Royal Meteoro
Soc, 81, 158-171, https://doi.org/10.1002/qj.49708134804, 1955.

Junghinel, T., Ertel, H., and Deutschlinder, T.. KOSTRA-DWD-2010R Bericht zur Revision der koordinierten Starkregenregion-
alisierung und -auswertung des Deutschen Wetterdienstes in der Version 2010, https://www.dwd.de/DE/leistungen/kostra_dwd_
rasterwerte/download/bericht_revision_kostra_dwd_2010.pdf;jsessionid=0939F61 A9ODCF24AAABAB771B725F6D8.1ive31091?__
blob=publicationFile&v=7, 2017.

24


https://doi.org/10.3390/su151511656
https://doi.org/10.1051/e3sconf/20160708001
https://doi.org/10.1256/qj.03.145
https://doi.org/10.1017/S0368393100099958
https://doi.org/10.7312/gumb92958
http://dx.doi.org/10.5676/DWD/CPS_HIST_V2022.01
http://dx.doi.org/10.5676/DWD/CPS_HIST_V2022.01
http://dx.doi.org/10.5676/DWD/CPS_HIST_V2022.01
https://doi.org/10.5676/DWD/CPS_HIST_V2022.01
http://dx.doi.org/10.5676/DWD/CPS_SCEN_V2022.01
http://dx.doi.org/10.5676/DWD/CPS_SCEN_V2022.01
http://dx.doi.org/10.5676/DWD/CPS_SCEN_V2022.01
https://doi.org/10.5676/DWD/CPS_SCEN_V2022.01
https://doi.org/10.1038/d41586-020-00177-3
https://doi.org/10.1111/j.2517-6161.1990.tb01775.x
https://doi.org/10.1002/qj.49708134804
https://www.dwd.de/DE/leistungen/kostra_dwd_rasterwerte/download/bericht_revision_kostra_dwd_2010.pdf;jsessionid=0939F61A90DCF24AAABAB771B725F6D8.live31091?__blob=publicationFile&v=7
https://www.dwd.de/DE/leistungen/kostra_dwd_rasterwerte/download/bericht_revision_kostra_dwd_2010.pdf;jsessionid=0939F61A90DCF24AAABAB771B725F6D8.live31091?__blob=publicationFile&v=7
https://www.dwd.de/DE/leistungen/kostra_dwd_rasterwerte/download/bericht_revision_kostra_dwd_2010.pdf;jsessionid=0939F61A90DCF24AAABAB771B725F6D8.live31091?__blob=publicationFile&v=7
https://www.dwd.de/DE/leistungen/kostra_dwd_rasterwerte/download/bericht_revision_kostra_dwd_2010.pdf;jsessionid=0939F61A90DCF24AAABAB771B725F6D8.live31091?__blob=publicationFile&v=7
https://www.dwd.de/DE/leistungen/kostra_dwd_rasterwerte/download/bericht_revision_kostra_dwd_2010.pdf;jsessionid=0939F61A90DCF24AAABAB771B725F6D8.live31091?__blob=publicationFile&v=7

600

605

610

615

620

625

630

Kay, J. E., Deser, C., Phillips, A., Mai, A., Hannay, C., Strand, G., Arblaster, J. M., Bates, S. C., Danabasoglu, G., Edwards, J., Holland, M.,
Kushner, P., Lamarque, J.-F., Lawrence, D., Lindsay, K., Middleton, A., Munoz, E., Neale, R., Oleson, K., Polvani, L., and Vertenstein,
M.: The Community Earth System Model (CESM) Large Ensemble Project: A Community Resource for Studying Climate Change in the
Presence of Internal Climate Variability, Bulletin of the American Meteorological Society, 96, 1333—1349, https://doi.org/10.1175/BAMS-
D-13-00255.1, 2015.

Kendon, E. J., Roberts, N. M., Fosser, G., Martin, G. M., Lock, A. P., Murphy, J. M., Senior, C. A., and Tucker, S. O.: Greater future UK
winter precipitation increase in new convection-permitting scenarios, Journal of Climate, 33, 7303-7318, 2020.

Keune, J. and Miralles, D. G.: A Precipitation Recycling Network to Assess Freshwater Vulnerability: Challenging the Watershed Convention,
Water Resources Research, 55, 9947-9961, https://doi.org/10.1029/2019WR025310, 2019.

Kim, H., Kim, S., Shin, H., and Heo, J.-H.: Appropriate model selection methods for nonstationary generalized extreme value models, Journal
of Hydrology, 547, 557-574, https://doi.org/10.1016/j.jhydrol.2017.02.005, 2017.

Lang, A. and Poschlod, B.: Updating catastrophe models to today’s climate—an application of a large ensemble approach to extreme rainfall,
Climate Risk Management, 44, 100 594, 2024.

Lenderink, G. and Van Meijgaard, E.: Increase in hourly precipitation extremes beyond expectations from temperature changes, Nature
Geoscience, 1, 511-514, https://doi.org/10.1038/nge0262, 2008.

Lenderink, G., De Vries, H., Fowler, H. J., Barbero, R., Van Ulft, B., and Van Meijgaard, E.: Scaling and responses of extreme hourly precipi-
tation in three climate experiments with a convection-permitting model, Philosophical Transactions of the Royal Society A: Mathematical,
Physical and Engineering Sciences, 379, 20190 544, https://doi.org/10.1098/rsta.2019.0544, 2021.

Malitz, G. and Ertel, H.: KOSTRA-DWD-2010 Starkniederschlagshohen fiir Deutschland, https://www.dwd.de/DE/leistungen/kostra_dwd_
rasterwerte/download/bericht_kostra_dwd_2010_pdf.pdf?__blob=publicationFile&v=11, 2015.

Marani, M. and Ignaccolo, M.: A metastatistical approach to rainfall extremes, Advances in Water Resources, 79, 121-126,
https://doi.org/10.1016/j.advwatres.2015.03.001, 2015.

Marra, F.: A Unified Framework for Extreme Sub-daily Precipitation Frequency Analyses based on Ordinary Events - data & codes, https:
//zenodo.org/records/3971558, 2020.

Marra, F. and Peleg, N.: TEmperature-dependent Non-Asymptotic statistical model for eXtreme return levels (TENAX), https://zenodo.org/
records/8345905, 2023.

Marra, F., Nikolopoulos, E. 1., Anagnostou, E. N., and Morin, E.: Metastatistical Extreme Value analysis of hourly rainfall from
short records: Estimation of high quantiles and impact of measurement errors, Advances in Water Resources, 117, 27-39,
https://doi.org/10.1016/j.advwatres.2018.05.001, 2018.

Marra, F., Zoccatelli, D., Armon, M., and Morin, E.: A simplified MEV formulation to model extremes emerging from multiple nonstationary
underlying processes, Advances in Water Resources, 127, 280-290, https://doi.org/10.1016/j.advwatres.2019.04.002, 2019.

Marra, F., Borga, M., and Morin, E.: A Unified Framework for Extreme Subdaily Precipitation Frequency Analyses Based on Ordinary
Events, Geophysical Research Letters, 47, e2020GL090 209, https://doi.org/10.1029/2020GL090209, 2020.

Marra, F., Koukoula, M., Canale, A., and Peleg, N.: Predicting extreme sub-hourly precipitation intensification based on temperature shifts,
Hydrol. Earth Syst. Sci., 28, 375-389, https://doi.org/10.5194/hess-28-375-2024, 2024.

Martel, J.-L., Brissette, F. P., Lucas-Picher, P., Troin, M., and Arsenault, R.: Climate change and rainfall intensity—duration—frequency curves:

Overview of science and guidelines for adaptation, Journal of Hydrologic Engineering, 26, 03121 001, 2021.

25


https://doi.org/10.1175/BAMS-D-13-00255.1
https://doi.org/10.1175/BAMS-D-13-00255.1
https://doi.org/10.1175/BAMS-D-13-00255.1
https://doi.org/10.1029/2019WR025310
https://doi.org/10.1016/j.jhydrol.2017.02.005
https://doi.org/10.1038/ngeo262
https://doi.org/10.1098/rsta.2019.0544
https://www.dwd.de/DE/leistungen/kostra_dwd_rasterwerte/download/bericht_kostra_dwd_2010_pdf.pdf?__blob=publicationFile&v=11
https://www.dwd.de/DE/leistungen/kostra_dwd_rasterwerte/download/bericht_kostra_dwd_2010_pdf.pdf?__blob=publicationFile&v=11
https://www.dwd.de/DE/leistungen/kostra_dwd_rasterwerte/download/bericht_kostra_dwd_2010_pdf.pdf?__blob=publicationFile&v=11
https://doi.org/10.1016/j.advwatres.2015.03.001
https://zenodo.org/records/3971558
https://zenodo.org/records/3971558
https://zenodo.org/records/3971558
https://zenodo.org/records/8345905
https://zenodo.org/records/8345905
https://zenodo.org/records/8345905
https://doi.org/10.1016/j.advwatres.2018.05.001
https://doi.org/10.1016/j.advwatres.2019.04.002
https://doi.org/10.1029/2020GL090209
https://doi.org/10.5194/hess-28-375-2024

635

640

645

650

655

660

665

670

Martins, E. S. and Stedinger, J. R.: Generalized maximum-likelihood generalized extreme-value quantile estimators for hydrologic data,
Water Resources Research, 36, 737744, https://doi.org/10.1029/1999WR900330, 2000.

McSweeney, C., Jones, R., Lee, R. W., and Rowell, D.: Selecting CMIP5 GCMs for downscaling over multiple regions, Climate Dynamics,
44, 3237-3260, 2015.

Merz, B., Basso, S., Fischer, S., Lun, D., Bloschl, G., Merz, R., Guse, B., Viglione, A., Vorogushyn, S., Macdonald, E., Wietzke,
L., and Schumann, A.: Understanding Heavy Tails of Flood Peak Distributions, Water Resources Research, 58, €2021WR030 506,
https://doi.org/10.1029/2021WR030506, 2022.

Miniussi, A. and Marra, F.: Estimation of extreme daily precipitation return levels at-site and in ungauged locations using the simplified
MEV approach, Journal of Hydrology, 603, 126 946, https://doi.org/10.1016/j.jhydrol.2021.126946, 2021.

Myhre, G., Alterskjer, K., Stjern, C. W., Hodnebrog, @., Marelle, L., Samset, B. H., Sillmann, J., Schaller, N., Fischer, E., Schulz, M., et al.:
Frequency of extreme precipitation increases extensively with event rareness under global warming, Scientific reports, 9, 16 063, 2019.
Pacey, G., Pfahl, S., Schielicke, L., and Wapler, K.: The climatology and nature of warm-season convective cells in cold-frontal environments

over Germany, Natural Hazards and Earth System Sciences, 23, 3703-3721, 2023.

Pachauri, R. K., Mayer, L., and Intergovernmental Panel on Climate Change, eds.: Climate change 2014: synthesis report, Intergovernmental
Panel on Climate Change, Geneva, Switzerland, ISBN 978-92-9169-143-2, 2015.

Poschlod, B.: Using high-resolution regional climate models to estimate return levels of daily extreme precipitation over Bavaria, Nat.
Hazards Earth Syst. Sci., 21, 3573-3598, https://doi.org/10.5194/nhess-21-3573-2021, 2021.

Poschlod, B. and Ludwig, R.: Internal variability and temperature scaling of future sub-daily rainfall return levels over Europe, Environ. Res.
Lett., 16, 064 097, https://doi.org/10.1088/1748-9326/ac0849, 2021a.

Poschlod, B. and Ludwig, R.: Internal variability and temperature scaling of future sub-daily rainfall return levels over Europe, Environmental
Research Letters, 16, 064097, 2021b.

Poschlod, B., Ludwig, R., and Sillmann, J.: Ten-year return levels of sub-daily extreme precipitation over Europe, Earth System Science
Data, 13, 983-1003, 2021.

Prein, A. F,, Langhans, W., Fosser, G., Ferrone, A., Ban, N., Goergen, K., Keller, M., Té6lle, M., Gutjahr, O., Feser, F., Brisson, E., Kollet,
S., Schmidli, J., Van Lipzig, N. P. M., and Leung, R.: A review on regional convection-permitting climate modeling: Demonstrations,
prospects, and challenges, Reviews of Geophysics, 53, 323-361, https://doi.org/10.1002/2014RG000475, 2015.

Prein, A. F,, Rasmussen, R. M., Ikeda, K., Liu, C., Clark, M. P., and Holland, G. J.: The future intensification of hourly precipitation extremes,
Nature climate change, 7, 48-52, 2017.

Pritchard, D., Lewis, E., Blenkinsop, S., Patino Velasquez, L., Whitford, A., and Fowler, H. J.: An Observation-based dataset of global
Sub-daily Precipitation Indices (GSDR-I), Scientific Data, 10, 393, 2023.

Purr, C., Brisson, E., and Ahrens, B.: Convective Shower Characteristics Simulated with the Convection-Permitting Climate Model COSMO-
CLM, Atmosphere, 10, 810, https://doi.org/10.3390/atmos10120810, 2019.

Purr, C., Brisson, E., and Ahrens, B.: Convective rain cell characteristics and scaling in climate projections for Germany, Intl Journal of
Climatology, 41, 3174-3185, https://doi.org/10.1002/joc.7012, 2021.

Riahi, K., Rao, S., Krey, V., Cho, C., Chirkov, V., Fischer, G., Kindermann, G., Nakicenovic, N., and Rafaj, P.: RCP 8.5—A scenario of
comparatively high greenhouse gas emissions, Climatic Change, 109, 33-57, https://doi.org/10.1007/s10584-011-0149-y, 2011.

Rockel, B., Will, A., and Hense, A.: The Regional Climate Model COSMO-CLM (CCLM), metz, 17, 347-348, https://doi.org/10.1127/0941-
2948/2008/0309, 2008.

26


https://doi.org/10.1029/1999WR900330
https://doi.org/10.1029/2021WR030506
https://doi.org/10.1016/j.jhydrol.2021.126946
https://doi.org/10.5194/nhess-21-3573-2021
https://doi.org/10.1088/1748-9326/ac0849
https://doi.org/10.1002/2014RG000475
https://doi.org/10.3390/atmos10120810
https://doi.org/10.1002/joc.7012
https://doi.org/10.1007/s10584-011-0149-y
https://doi.org/10.1127/0941-2948/2008/0309
https://doi.org/10.1127/0941-2948/2008/0309
https://doi.org/10.1127/0941-2948/2008/0309

675

680

685

690

695

700

705

710

Rybka, H., Haller, M., Brienen, S., Brauch, J., Friih, B., Junghénel, T., Lengfeld, K., Walter, A., and Winterrath, T.: Convection-permitting
climate simulations with COSMO-CLM for Germany: Analysis of present and future daily and sub-daily extreme precipitation, metz, 32,
91-111, https://doi.org/10.1127/metz/2022/1147, 2023.

Schellander, H., Lieb, A., and Hell, T.: Error Structure of Metastatistical and Generalized Extreme Value Distributions for Modeling Extreme
Rainfall in Austria, Earth and Space Science, 6, 1616-1632, https://doi.org/10.1029/2019EA000557, 2019.

Schlef, K. E., Kunkel, K. E., Brown, C., Demissie, Y., Lettenmaier, D. P., Wagner, A., Wigmosta, M. S., Karl, T. R., Easterling, D. R.,
Wang, K. J., Francois, B., and Yan, E.: Incorporating non-stationarity from climate change into rainfall frequency and intensity-duration-
frequency (IDF) curves, Journal of Hydrology, 616, 128 757, https://doi.org/10.1016/j.jhydrol.2022.128757, 2023.

Seip, K. L., Grgn, @., and Wang, H.: The North Atlantic Oscillations: Cycle Times for the NAO, the AMO and the AMOC, Climate, 7, 43,
https://doi.org/10.3390/cli7030043, 2019.

Serinaldi, F. and Kilsby, C. G.: Stationarity is undead: Uncertainty dominates the distribution of extremes, Advances in Water Resources, 77,
17-36, https://doi.org/10.1016/j.advwatres.2014.12.013, 2015.

Serinaldi, F., Lombardo, F., and Kilsby, C. G.: Non-asymptotic distributions of water extremes: much ado about what?, Hydrology and Earth
System Sciences, 29, 1159-1181, https://doi.org/10.5194/hess-29-1159-2025, 2025.

Shehu, B., Willems, W., Stockel, H., Thiele, L.-B., and Haberlandt, U.: Regionalisation of rainfall depth—duration—frequency curves with
different data types in Germany, Hydrology and Earth System Sciences, 27, 1109-1132, 2023.

Taszarek, M., Allen, J. T., Groenemeijer, P., Edwards, R., Brooks, H. E., Chmielewski, V., and Enno, S.-E.: Severe convective storms across
Europe and the United States. Part I: Climatology of lightning, large hail, severe wind, and tornadoes, Journal of Climate, 33, 10239-
10261, 2020.

Ulbrich, U., Leckebusch, G. C., and Pinto, J. G.: Extra-tropical cyclones in the present and future climate: a review, Theoretical and applied
climatology, 96, 117-131, 2009.

Valipour, M.: How Much Meteorological Information Is Necessary to Achieve Reliable Accuracy for Rainfall Estimations?, Agriculture, 6,
53, https://doi.org/10.3390/agriculture6040053, 2016.

Veneziano, D., Langousis, A., and Lepore, C.: New asymptotic and preasymptotic results on rainfall maxima from multifractal theory, Water
Resources Research, 45, 2009WRO008 257, https://doi.org/10.1029/2009WR008257, 2009.

Vidrio-Sahagtn, C. T. and He, J.: Hydrological frequency analysis under nonstationarity using the Metastatistical approach and its simplified
version, Advances in Water Resources, 166, 104 244, https://doi.org/10.1016/j.advwatres.2022.104244, 2022.

Vidrio-Sahagtn, C. T., He, J., and Pietroniro, A.: Nonstationary hydrological frequency analysis using the Metastatistical extreme value
distribution, Advances in Water Resources, 176, 104 460, https://doi.org/10.1016/j.advwatres.2023.104460, 2023.

Vidrio-Sahagtin, C. T., Ruschkowski, J., He, J., and Pietroniro, A.: A practice-oriented framework for stationary and nonstationary flood
frequency analysis, Environmental Modelling & Software, 173, 105 940, https://doi.org/10.1016/j.envsoft.2024.105940, 2024.

Villarini, G. and Smith, J. A.: Flood peak distributions for the eastern United States, Water Resources Research, 46, 2009WRO008 395,
https://doi.org/10.1029/2009WR008395, 2010.

Wang, L.-P., Marra, F., and Onof, C.: Modelling sub-hourly rainfall extremes with short records - a comparison of MEV, Simplified MEV
and point process methods, https://doi.org/10.5194/egusphere-egu2020-6061, 2020.

Watanabe, M., Suzuki, T., O’ishi, R., Komuro, Y., Watanabe, S., Emori, S., Takemura, T., Chikira, M., Ogura, T., Sekiguchi, M., Takata,
K., Yamazaki, D., Yokohata, T., Nozawa, T., Hasumi, H., Tatebe, H., and Kimoto, M.: Improved Climate Simulation by MIROCS5: Mean
States, Variability, and Climate Sensitivity, Journal of Climate, 23, 6312—-6335, https://doi.org/10.1175/2010JCLI3679.1, 2010.

27


https://doi.org/10.1127/metz/2022/1147
https://doi.org/10.1029/2019EA000557
https://doi.org/10.1016/j.jhydrol.2022.128757
https://doi.org/10.3390/cli7030043
https://doi.org/10.1016/j.advwatres.2014.12.013
https://doi.org/10.5194/hess-29-1159-2025
https://doi.org/10.3390/agriculture6040053
https://doi.org/10.1029/2009WR008257
https://doi.org/10.1016/j.advwatres.2022.104244
https://doi.org/10.1016/j.advwatres.2023.104460
https://doi.org/10.1016/j.envsoft.2024.105940
https://doi.org/10.1029/2009WR008395
https://doi.org/10.5194/egusphere-egu2020-6061
https://doi.org/10.1175/2010JCLI3679.1

Wu, Y., Miao, C., Fan, X., Gou, J., Zhang, Q., and Zheng, H.: Quantifying the Uncertainty Sources of Future Climate Projections and
Narrowing Uncertainties With Bias Correction Techniques, Earth’s Future, 10, €2022EF002 963, https://doi.org/10.1029/2022EF002963,
2022.

Zeder, J. and Fischer, E. M.: Observed extreme precipitation trends and scaling in Central Europe, Weather and Climate Extremes, 29,

715 100266, 2020.

Zomer, R. J., Xu, J., and Trabucco, A.: Version 3 of the Global Aridity Index and Potential Evapotranspiration Database, Sci Data, 9, 409,
https://doi.org/10.1038/s41597-022-01493-1, 2022.

Zorzetto, E., Botter, G., and Marani, M.: On the emergence of rainfall extremes from ordinary events, Geophysical Research Letters, 43,
8076-8082, https://doi.org/10.1002/2016GL069445, 2016.

28


https://doi.org/10.1029/2022EF002963
https://doi.org/10.1038/s41597-022-01493-1
https://doi.org/10.1002/2016GL069445

