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2 1. INTRODUCTION

1.1 MOTIVATION
Water is essential for all life on Earth. From satisfying our basic needs for drinking water
and fueling agricultural production to supporting ecosystems, water is an indispensable
resource. Precipitation, predominantly in the form of rain and snowfall, serves as na-
ture’s way of replenishing our freshwater resources. However, when precipitation occurs
in excessive amounts, it can transform from a life-sustaining source to a life-threatening
phenomenon. Extreme precipitation events act as the driver of numerous adverse im-
pacts, including flooding, soil erosion, land slides, and debris flows (e.g., Berghuijs et al.,
2019; Marc et al., 2018; Nikolopoulos et al., 2015; Steger et al., 2023; Tramblay et al., 2021;
Wasko et al., 2020a). The consequences of such events can be catastrophic, resulting
in loss of life, infrastructure damage, ecological disruption, and severe disruption of so-
cioeconomic activities.

Informed knowledge of the characteristics and patterns of historical precipitation
extremes is crucial for understanding their behavior and predicting future occurrences.
This understanding enables us to improve hydrological predictions and develop effec-
tive strategies to mitigate the risks associated with extreme precipitation events. The
changes in intensity, seasonality, and timing of precipitation extremes have far-reaching
consequences, making it essential to comprehend historical trends and projected future
changes. By integrating historical observations, statistical methods, and climate model
projections, we can gain a comprehensive understanding of precipitation extremes. This
knowledge forms the foundation for informed decision-making, guiding infrastructure
planning, disaster risk reduction, water resources management, and promoting sustain-
able development.

1.2 STATISTICAL METHODS IN HYDROLOGY
Per definition, extreme events are a rare occurrence, resulting in limited occurrences in
our available data records. Yet, through the use of statistical methods, such as extreme
value distributions, we can extrapolate the data beyond the period of record. However,
we need to apply statistical methods to long data records to get acceptable uncertainty
ranges.

The foundation of extreme value theory in hydrology can be attributed to the pio-
neering work of Emil Gumbel during the 1940s and 1950s (Gumbel, 1941, 1958). Gum-
bel’s contributions revolutionized hydrology by providing a statistical framework that
describes and quantifies the frequency of extreme events using return periods. The in-
troduction of the Gumbel distribution laid the foundation for subsequent advancements
in extreme value theory and became a cornerstone in the field of hydrology.

Building upon Gumbel’s foundation, the Generalized Extreme Value (GEV) distribu-
tion emerged as a more flexible statistical model for analyzing extreme events in hydrol-
ogy. Although initially introduced by Maurice Fréchet (1927), GEV gained recognition
in hydrology through the contributions of Gumbel, as well as statisticians like Hosking
and Wallis (e.g., Hosking, 1985; Hosking et al., 1985; Hosking and Wallis, 1993). Similar
to the Gumbel distribution, GEV is fitted to block maxima, such as annual maxima, but
incorporates an additional parameter. This flexibility enables GEV to account for differ-
ent types of tail behavior exhibited by extremes, including exponential, light and heavy
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tails. This flexibility makes the GEV distribution applicable to a wide range of hydrologi-
cal variables, such as rainfall, streamflow, and flood magnitudes (e.g., Courty et al., 2019;
Ding et al., 2016; Mascaro, 2018; Morrison and Smith, 2002).

Since these pioneering works, many other extreme value distributions and methods
have been proposed and applied to estimate precipitation extremes. Examples include
the Gamma distribution (e.g., Buishand, 1978; Swift and Schreuder, 1981), the Gener-
alized Gamma distribution (e.g., Papalexiou and Koutsoyiannis, 2016; Stacy, 1962), the
Generalized Pareto distribution for peaks over threshold (e.g., Hosking and Wallis, 1987;
Langousis et al., 2016; Serinaldi and Kilsby, 2014), the Lognormal distribution (Biondini,
1976; Swift and Schreuder, 1981), the Metastatistical Extreme Value distribution (Marani
and Ignaccolo, 2015; Zorzetto et al., 2016), and the Weibull distribution (e.g., Swift and
Schreuder, 1981; Wilson and Toumi, 2005). These studies generally rely on the use the
annual maxima, peaks over thresholds, or non-zero daily precipitation to fit the distribu-
tion. This thesis also relies on several classical as well as more recently emerged extreme
value techniques.

1.3 EVOLUTION OF PRECIPITATION DATA
For decades, rain gauges have been used to collect local precipitation data. For some
locations, such as the one in Padova, Italy, records date back as far as 1713 and are still
active to this day (Camuffo et al., 2020; Marani and Zanetti, 2015). However, such long
records spanning three centuries are exceptional. In most areas, the number of active
gauges has been declining in the recent years (Mishra et al., 2009). Moreover, the spatial
distribution of gauges is highly heterogeneous. Many stations are located in Europe and
the US, yet there are many areas globally without any local precipitation records (Kidd
et al., 2017). Although recent initiatives, such as the Trans-African Hydro-Meteorological
Observatory (TAHMO, van de Giesen et al., 2014), have increased global coverage, the
available records in these regions are limited to a few years at most.

Nowadays, gauging stations are just one of the many sources of precipitation data.
The launch of new satellite missions and advancements in computational power have
paved the way for other valuable sources of observation-based precipitation data. Ex-
amples include satellite-derived precipitation datasets, such as CMORPH (Joyce et al.,
2004), IMERG (Huffman et al., 2015), PERSIANN (Hong et al., 2004; Hsu et al., 1997),
and TMPA Huffman et al. (2007), reanalysis like ERA5 (Hersbach et al., 2018, 2020) and
MERRA2 (Gelaro et al., 2017), or compilation products like the MSWEP dataset (Beck
et al., 2019b). Although these datasets have their limitations, such as uncertainties and
errors in the (remote-sensing) measurements, model bias, and lack of homogeneity due
to a change in the available observational data (Beck et al., 2017, 2020; Bosilovich et al.,
2008; Cao et al., 2018; Kang and Ahn, 2015; Levizzani et al., 2011; Prakash et al., 2018;
Sun et al., 2018), they offer high spatio-temporal precipitation estimates and therefore
provide valuable insights into precipitation patterns and changes on the global domain.

In addition to these evolving sources of observation-based precipitation estimates,
climate models play a crucial role in understanding historical and projected changes in
precipitation patterns. Climate models simulate the Earth’s climate system by incorpo-
rating various physical processes, such as atmospheric dynamics, oceanic interactions,
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and land surface interactions. By running simulations under different emission scenar-
ios, climate models provide projections of how precipitation extremes may evolve in the
future, considering the increased moisture-holding capacity of the atmosphere due to
global warming (Allen and Ingram, 2002). However, it is important to acknowledge the
inherent uncertainties associated with climate model output. These uncertainties arise
from factors such as model parameterizations, internal climate variability, the inabil-
ity to explicitly resolve convective processes and uncertainties in future greenhouse gas
emissions and efforts to mitigate them (Loriaux et al., 2013; Westra et al., 2014).

1.4 THIS THESIS
The objective of this doctoral research is to unravel the characteristics and changes of
extreme precipitation in the recent past and future. To achieve this objective, this thesis
uses a range of statistical methods and tools tailored to the analysis of large precipi-
tation datasets. The advancements in global datasets, increased computational power
and novel statistical approaches enable us to perform comprehensive analyses on the
global domain. The chapters in this thesis contribute to the overall research objective as
follows:

• Chapter 2 examines historical return levels of extreme precipitation for various du-
rations ranging from three hours up to ten days. We estimate these return levels
using different extreme value distributions and introduce a "heaviness amplifica-
tion factor" to compare the tail behavior of the distributions.

• Chapter 3 focuses on characterizing the seasonality and timing of extreme daily
precipitation occurrences and explores historical changes thereof.

• Chapter 4 addresses the projected difference in changes in common to rare pre-
cipitation extremes under global warming. By using 25 global climate models with
four possible future scenarios, we aim to provide robust results that capture the
changes of precipitation extremes in the future.

The concluding chapter 5 synthesizes the main findings, discusses their implica-
tions, and offers an outlook for future research opportunities in this field.
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SUMMARY

Quantifying the magnitude and frequency of extreme precipitation events is key in trans-
lating climate observations to planning and engineering design. Past efforts have mostly
focused on the estimation of daily extremes using gauge observations. Recent develop-
ment of high-resolution global precipitation products, now allow estimation of global
extremes. This research aims to quantitatively characterize the spatiotemporal behavior
of precipitation extremes, by calculating extreme precipitation return levels for multiple
durations on the global domain using the Multi-Source Weighted-Ensemble Precipita-
tion (MSWEP) dataset. Both classical and novel extreme value distributions are used to
provide insight into the spatial patterns of precipitation extremes. Our results show that
the traditional Generalized Extreme Value (GEV) distribution and Peak-Over-Threshold
(POT) methods, which only use the largest events to estimate precipitation extremes,
are not spatially coherent. The recently developed Metastatistical Extreme Value (MEV)
distribution, that includes all precipitation events, leads to smoother spatial patterns of
local extremes. For durations of 5 and 10 days, however, there are less events per year
to fit the distribution (37 and 22 on average, respectively), leading to larger inter-annual
variability and possible overestimation of the extremes. While the GEV and POT meth-
ods predict a consistent shift from heavy to thin tails with increasing duration, the MEV
method predicts a relatively constant heaviness of the tail for any precipitation duration,
opening up an important research question on what is the ‘correct’ tail behavior of ex-
treme precipitation for different durations. The generated extreme precipitation return
levels and corresponding parameters are provided as the Global Precipitation EXtremes
(GPEX) dataset. These data can be useful for studying the underlying physical processes
causing the spatiotemporal variations of the heaviness of extreme precipitation distri-
butions.
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2.1 INTRODUCTION
Extreme precipitation events are a major contributor to natural disasters (CRED, 2019).
Accurate estimates of the severity of intense precipitation events are needed for an en-
hanced disaster risk understanding, such as that of floods and landslides. The urgency of
this is indicated as the first priority of the Sendai Framework for Disaster Risk Reduction
(UNSIDR, 2015). The accurate quantification of extremes is also necessary for infras-
tructure planning and design. Some countries already provide spatiotemporal estimates
of extreme precipitation based on extreme value distributions (EVDs), for example, for
Australia (Ball et al., 2019), the Netherlands (Beersma et al., 2018), and the US (e.g., Per-
ica et al., 2015, 2018). However, many countries and regions do not have sufficient local
data available (van de Giesen et al., 2014; Gründemann et al., 2018; Kidd et al., 2017),
such that spatially-distributed extreme precipitation estimates are not possible.

Several previous studies have developed global-scale datasets of extreme precipita-
tion. Courty et al. (2019) calculated intensity-duration-frequency curves at the global do-
main and their scaling with different event durations using reanalysis data and the Gen-
eralized Extreme Value (GEV) distribution with fixed tail parameter. Dunn et al. (2020)
produced the HadEX3 dataset, which contains 29 generic precipitation and temperature
indices, although these indices are not based on EVDs. Furthermore, this dataset has
a coarse 1.25◦ latitudinal × 1.875◦ longitudinal resolution, with data-gaps due to insuf-
ficient available gauge data. Other global studies mostly focused on examining which
type of distribution is most suitable to capture the tail behavior of extreme precipita-
tion (Cavanaugh and Gershunov, 2015; Cavanaugh et al., 2015; Papalexiou et al., 2013).
In addition, the spatial patterns of the parameter that controls the tail decay have been
studied for the GEV distribution (Papalexiou and Koutsoyiannis, 2013; Ragulina and Re-
itan, 2017), and the Generalized Pareto (GP) distribution (Serinaldi and Kilsby, 2014).
However, several issues remain to be addressed in order to obtain global-domain ex-
treme precipitation return levels: 1) the choice of the dataset, 2) the focus on daily ex-
tremes without considering sub-daily extremes, 3) the choice of the time blocks over
which block-maxima are determined, and 4) the exploration of possible alternatives to
the classical EVDs, especially with respect to the tail behavior.

1. Several (quasi-)global gridded precipitation datasets have been developed in re-
cent years, each with strengths, weaknesses, and uncertainties. See Beck et al.
(2019a), Rajulapati et al. (2020), and Sun et al. (2018) for recent overviews of avail-
able datasets. Most of these datasets are based on gauge, reanalysis, or satel-
lite sensor data. Notable examples of gauge-based datasets include GPCC-FDR
(Becker et al., 2013; Schneider et al., 2011) and REGEN (Contractor et al., 2020).
However, gauges are extremely unevenly distributed across the globe (Kidd et al.,
2017; Schneider et al., 2014), and the number of active gauges has been declining
in recent decades (Mishra and Coulibaly, 2009). Satellite-based products such as
CMORPH (Joyce et al., 2004), GSMaP (Ushio et al., 2009), IMERG (Huffman et al.,
2015), and PERSIANN (Hong et al., 2004) have a relatively high spatio-temporal
resolution. However, they do not cover regions outside of 60◦N/S, and are only
available from 2000 onwards, which significantly hinders their use for extreme
value analyses. Precipitation products with a true global coverage and long records
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are reanalyses, such as ERA-5 (Hersbach et al., 2020), JRA-55 (Kobayashi et al.,
2015), and MERRA-2 (Gelaro et al., 2017). However, reanalysis products tend to
exhibit strong local and systematic biases in the magnitude and frequency of pre-
cipitation (Decker et al., 2012; Liu et al., 2018; Ménégoz et al., 2013).

2. Global-scale analyses of precipitation extremes are generally based on daily pre-
cipitation records (Cavanaugh et al., 2015; Koutsoyiannis, 2004a,b; Nerantzaki and
Papalexiou, 2019; Papalexiou and Koutsoyiannis, 2013; Papalexiou et al., 2013; Rag-
ulina and Reitan, 2017; Serinaldi and Kilsby, 2014). In practice, however, multi-
ple durations are needed for the design of infrastructure (e.g., Nissen and Ulbrich,
2017) or urban drainage networks (e.g., Mailhot and Duchesne, 2009). It is known
that precipitation extremes of different durations scale differently with tempera-
ture (Schleiss, 2018; Wasko et al., 2015), but little is known about the variation of
EVD location, scale and tail parameters for different temporal resolutions. Studies
that did derive extreme precipitation statistics for durations ranging from minutes
to a few days have mostly focused on small regions (McGraw et al., 2019; Nissen
and Ulbrich, 2017; Overeem et al., 2008).

3. Studies estimating return levels of extreme precipitation by using annual max-
ima typically use calendar years to delineate the annual periods from which max-
ima values are extracted (e.g., Marani and Zanetti, 2015; De Paola et al., 2018; Pa-
palexiou and Koutsoyiannis, 2013; Ragulina and Reitan, 2017; Villarini et al., 2011).
When the variable of interest is river discharge instead of precipitation, however,
hydrological years are typically used instead of calendar years (Ward et al., 2016).
For discharge values this is important, since peak discharge and flooding could oc-
cur during the transition from 31 December to 1 January and one event would be
included in two calendar years. Although not often considered, this could also
happen for precipitation, especially for longer duration extremes. The annual
maxima method could pick multiple values from a single rainy season that may,
for example, be highly influenced by the El Niño-/Southern Oscillation, which is
known to impact precipitation extremes (Allan and Soden, 2008; Rasmusson and
Arkin, 1993).

4. The Generalized Extreme Value (GEV) distribution, the most widely used EVD, is
typically fitted through one of two approaches: a) using annual maximum pre-
cipitation series and maximum likelihood (Coles, 2001) or L-moment (Hosking,
1990) estimation approaches, or b) using a Peak-Over-Threshold (POT) method to
fit a Generalized Pareto Distribution to excesses above the threshold and a Pois-
son process to the sequence of threshold exceedances (Coles, 2001). In contrast
to GEV and POT, the recently developed Metastatistical Extreme Value (MEV) dis-
tribution is fitted using all events with recorded precipitation instead of only the
most severe. The inclusion of more events reduces the uncertainty due to sam-
pling effects, which is important when dealing with short time series (Hu et al.,
2020; Marani and Ignaccolo, 2015; Marra et al., 2018, 2019a; Miniussi and Marani,
2020; Zorzetto et al., 2016; Zorzetto and Marani, 2019). Additionally, GEV parame-
ter estimation depends heavily on a few large values, which makes it very sensitive
to the possible presence of outliers, a relatively common occurrence in remote
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sensing estimates of precipitation amounts (Zorzetto and Marani, 2020). The GEV
tail behavior is controlled by its shape parameter, which is very sensitive to sam-
pling effects and the choice of the method used for estimation. To overcome these
problems, some studies have suggested to use one universal value of the shape pa-
rameter that is applicable to the whole world Koutsoyiannis (2004a,b), or a shape
parameter value within a narrow range between exponential and heavy-tail behav-
ior (Papalexiou and Koutsoyiannis, 2013), or one shape parameter per region, that
is similar within climate types and elevation ranges (Ragulina and Reitan, 2017).

In this study we aim to overcome these issues partly by 1) using a precipitation dataset
that merges gauge, reanalysis, and satellite data, 2) estimating extremes for several event
durations, 3) using hydrological years in our analyses, and 4) comparing results from
three different extreme value methods (GEV, POT and MEV). Specifically, we are inter-
ested in quantitatively characterizing the behavior of extreme precipitation and the spa-
tiotemporal variation of extreme value distributional tails at the global domain.

2.2 MATERIAL AND METHODS

2.2.1 DATA
The global precipitation product used in this study is the Multi-Source Weighted-En-
semble Precipitation (MSWEP-V2.2) dataset. MSWEP is particularly suited for our pur-
pose due to its global coverage, long temporal span, high spatial and temporal resolu-
tion. We used data from 1 January 1979 to 31 October 2017 at a 0.1◦ latitude × 0.1◦ longi-
tude resolution at 3-hourly time steps. We selected all land-cells between 90◦N and 58◦S
for our analysis. MSWEP precipitation estimates are derived by merging five different
satellite- and reanalysis-based global precipitation datasets. The dataset is one of the few
precipitation products with daily (as opposed to monthly) gauge corrections, applied us-
ing a scheme that accounts for gauge reporting times (Beck et al., 2019b). MSWEP has
shown robust performance compared to other widely used precipitation datasets (e.g.,
Alijanian et al., 2017; Bai and Liu, 2018; Beck et al., 2017, 2019a; Casson et al., 2018; Hu
et al., 2020; Sahlu et al., 2017; Satgé et al., 2019; Zhang et al., 2019), thus underlying its po-
tential for improving the characterization of extreme precipitation worldwide. We refer
to Beck et al. (2019b) for a comprehensive description of the dataset.

QUALITY CONTROL

The integration of erroneous gauge observations into MSWEP-V2.2 can occasionally re-
sult in implausible precipitation values. Therefore, we implemented a three-step quality
control procedure on the 3-hourly data prior to the analysis. We first discarded nega-
tive values, which are physically impossible. The second step was to discard outliers,
which we defined as values deviating from the mean by more than 30 standard devia-
tions. The number of 3-hourly blocks containing outliers per grid cell are included in
Supporting Information Section 2.1 Fig. S2.1 (Gründemann, 2023). We also discarded
data surrounding the outliers for the same time step using a 11×11 grid-cell window, as
erroneous gauge observations may have influenced surrounding cells in the production
of the MSWEP dataset. The 11×11 grid-cell window was chosen based on the procedure
used in MSWEP to merge gauges and other rainfall products (Beck et al., 2019b). In the
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third step, we removed all years with > 30 discarded days or < 5 ‘wet’ 3-hourly periods,
identified using a threshold of 0.2 mm 3h−1 following Wasko et al. (2015). Finally, we
only included in the analysis data from grid cells with at least 30 years of data remaining,
as a minimum record length of 30 years is customary and recommended for analyzing
extremes (Arguez and Vose, 2011; Kendon et al., 2018; Westra et al., 2013).

DURATIONS AND IDENTIFICATION OF INDEPENDENT EVENTS

The durations we selected for our analysis are 3, 6, 12 and 24 hours, and 2, 3, 5 and
10 days. In order to create statistically-independent precipitation events for multiple
durations, we first calculated the running parameter, which is the minimum distance
between two independent events (Fukutome et al., 2015). To separate 3-hourly events
and ensure independence for each precipitation event at each grid-cell, we followed the
declustering method to limit the autocorrelation of the samples of Marra et al. (2018).
In order to do so, we calculated the temporal autocorrelation of the time series for each
grid-cell, for time lags up to 10 days. 10 days was deemed sufficient to allow the autocor-
relation to drop to very low values and remove the correlation between two events. The
long-lag noise for each time lag is the 75th quantile of the autocorrelation as in Marra
et al. (2018). The resulting running parameter equals the first time lag at which the tem-
poral autocorrelation is comparable to the long-lag noise. The running parameter is
calculated for each grid-cell. For the 3-hourly duration, we removed the blocks contain-
ing non-zero rainfall within a correlation window and only kept the highest value. For
longer durations, independent events satisfy two conditions: (1) events are separated at
least by the running parameter (the length of the independence that was determined by
declustering); and (2) 3-hourly blocks are only included once. To ensure this, 3-hourly
blocks are summed together using moving windows to create intensities for longer du-
rations. Then, one of two cases arises: (a) the running parameter is smaller than the
duration: then the event is already independent (condition 1). We simply take the high-
est intensity in a moving window, and remove all overlapping ones to satisfy condition 2;
(b) the running parameter is greater than the duration: we only take the highest value in
the window of the running parameter (condition 1), and remove all overlapping blocks
(condition 2).

HYDROLOGICAL YEAR

A common challenge in global-scale assessments is the delineation of the hydrological
year, given the regional variability in the climatological precipitation seasonality. We
therefore developed an uniform way to define the hydrological year. To avoid splitting
one rainy season over two different years, we computed the median of the monthly pre-
cipitation for each grid-cell, and defined the start of the hydrological year to be the first
day of the driest month. Supporting Information Section 2.2 Fig. S2.2a shows the start-
ing month of the hydrological year as determined by this method. These data are also
available in the GPEX dataset (Gründemann et al., 2020). As MSWEP-V2.2 spans the in-
terval from 1 January 1979 to 31 October 2017, we discarded the data prior to the start of
the first hydrological year, thus keeping 38 complete years. Only where the hydrological
year starts in December there are just 37 complete years, which occurs in 5.8 % of the
grid cells.
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We also investigated whether there is a significant difference between the use of cal-
endar and hydrological years for the estimated daily extremes for GEV and MEV. The
POT method is based on the values over a high threshold, irrespective of when they oc-
curred. Therefore, there is by definition no difference in calculating the extremes using
hydrological or calendar years for the POT method. To determine the difference for GEV
and MEV, we first calculated the daily return levels for normal calendar years, using the
MSWEP data from 1979 to 2016. Then, we calculated the return levels for the same distri-
butions and the same years, by removing the months before the start of the hydrological
year from the year 1979 and adding them to the year 2016. We did this in order to use the
exact same data and ensure that the differences in the return level estimates are solely
due to a different starting month.

2.2.2 EXTREME VALUE DISTRIBUTIONS
Three different extreme value distributions were fitted to the MSWEP data to calculate
extreme precipitation return levels, and to provide an indication of dependence of the
spread in return levels as a function of the distribution used. These three extreme value
distributions are the GEV, POT and MEV. Annual (hydrological year) maxima were used
to estimate the three parameters of the GEV using the L-moments approach, because of
its robust performance for small samples (Hosking, 1990). The GEV cumulative distribu-
tion function (CDF) is given by:

G(z) =
 exp

{
−[

1+ξ
( z−µ

σ

)]− 1
ξ

}
,ξ ̸= 0

exp
{−exp

[−( z−µ
σ

)]}
,ξ= 0

(2.1)

with location parameter µ ∈ (−∞,∞), scale parameter σ > 0, and shape parameter ξ ∈
(−∞,∞). The annual extremes estimated by GEV are translated into those of the parent
distribution, following Koutsoyiannis (2004a, equation 3).

As a second EV model we used a Peaks Over Threshold approach, describing precip-
itation accumulations exceeding a high threshold using a GP distribution, while mod-
elling the frequency of threshold exceedances using a Poisson point process (Coles, 2001;
Davison and Smith, 1990). This framework also yields GEV as the resulting extreme value
distribution, which is then used to determine the quantile corresponding to a given re-
turn period. The GP CDF is given by:

H(y) =
 1−

(
1+ ξy

β

)− 1
ξ ,ξ ̸= 0

1−exp
(
− y
β

)
,ξ= 0

(2.2)

where y > 0 are precipitation excesses over the threshold, with β > 0 and ξ ∈ (−∞,∞)
the GP scale and shape parameters respectively. A relevant aspect in applying the POT
model is a suitable choice of the threshold used to define precipitation exceedances.
Our global-scale application requires studying the distribution of precipitation extremes
across markedly different climatic regions, thus excluding the adoption of a constant
threshold value. We studied the effect of the threshold choice using multiple selection
methods on a global sample of grid cells (see Supporting Information Section 2.3 and
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and Fig. S2.4). Our results showed that the choice of the method had a limited effect on
the estimated return levels (Fig. S2.4a). We therefore chose to perform our global analysis
by selecting for each cell a threshold value such that it is exceeded on average 3 times
each hydrological year. Because of this choice, the sample size available for fitting the
GP distribution remains constant across different precipitation durations. The method
used to fit the parameters of the GP distributions was the Probability Weighted Moments
(PWM; e.g., see Hosking and Wallis, 1987).

The third model we used is the MEV distribution (Hosseini et al., 2020; Hu et al., 2020;
Marani and Ignaccolo, 2015; Miniussi et al., 2020a,b; Zorzetto et al., 2016). In the MEV
framework, all ‘ordinary’ precipitation events, i.e. all events above a small threshold, are
used to infer the EV distribution. The threshold we applied is 0.2 mm 3h−1, coinciding
with the earlier defined ‘wet event’. Weibull parameters were estimated for each hydro-
logical year separately, based on all wet events using the PWM method (Greenwood et al.,
1979) as done in Zorzetto et al. (2016). The MEV-Weibull CDF is given by:

ζm(x) = 1

M

M∑
j=1

{
1−exp

[
−

(
x

Cj

)wj
]}n j

(2.3)

where j is the hydrological year ( j = 1,2, . . . , M), C j > 0 is the Weibull scale parameter,
w j > 0 is the Weibull shape parameter, and n j is the number of wet events observed in
hydrological year j (Marani and Ignaccolo, 2015).

OBSERVED RETURN PERIODS

The MSWEP dataset analyzed here has 38 complete years of data. Therefore, the empir-
ical return period associated with the maximum value on record computed according
to the Weibull empirical frequency estimate is T observed = 39 years. However, only 91 %
of all cells had 38 complete years of data, so the maximum observed return period is
sometimes lower: for 7 % of the cells only 37 complete years were available, and for 2 %
of the cells 36 years or less were available. However, for simplicity we still refer to the
corresponding maximum return level as T39 in the results.

STUDY AREAS

In order to compare the three extreme value distributions, we selected fourteen case
study areas. They collectively cover a wide range of climates and domain sizes, the lo-
cations of which can be found in Fig. 2.3a. Within a single case study area, we expect
the precipitation estimates to be statistically homogeneous because of their precipita-
tion generating mechanisms (Cavanaugh and Gershunov, 2015; Cavanaugh et al., 2015),
elevation (Ragulina and Reitan, 2017), or average annual rainfall.

TAIL BEHAVIOR

Both the GEV and MEV distributions are flexible and can describe different tail behav-
iors. The interpretation of the tail parameter of the two distributions differs, as illus-
trated in Supporting Information Section 2.4 Fig. S2.5 for different combinations of scale
and shape parameters. The shape parameter ξ of the GEV distribution, obtained ei-
ther through the annual maxima or POT approach, encodes the nature of the tail of the
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distribution. Based on the value of ξ, the GEV can take one of three forms: a positive
GEV shape parameter (ξ> 0, “Fréchet”) corresponds to a power-law tail, i.e., to a slowly-
decaying probability of large events. This heavy-tail behavior contrasts with the case of
an exponential tail (ξ = 0, “Gumbel”), and with the case of a distribution with an upper
end point, which corresponds to negative values of the shape parameter (ξ< 0, “inverse
Weibull”).

The MEV distribution assumes that precipitation events are Weibull-distributed. The
tail decay of this distribution is controlled by its shape parameter: for w < 1 its tail behav-
ior is “sub-exponential”, i.e., heavier than that of an exponential (recovered for w = 1),
albeit with a characteristic scale (Wilson and Toumi, 2005; Laherrere and Sornette, 1998).
For w > 1 the Weibull tail is super-exponential, with a fast decaying tail, while still retain-
ing an infinite upper end point. Hence, the shape parameter of the Weibull distribution
encodes the propensity of a site to be subjected to large extreme events (Wilson and
Toumi, 2005; Zorzetto et al., 2016). However, the tail decay of the MEV distribution is not
only dependent on that of ordinary values (through w) but is also affected by the yearly
number of events (Marra et al., 2018) and by the inter-annual variations of C j , w j and
n j .

Whereas the tail behavior of GEV and POT can easily be inferred from the shape pa-
rameter of their distributions, for MEV it depends on multiple parameters, making direct
comparison between MEV and GEV/POT based on their parameters alone cumbersome.
In an effort to nonetheless compare these methods, we have come up with a measure of
heaviness that is based on the return levels themselves (Fig. 2.1). It quantifies how much
distributions differ from an exponential one. For an exponential distribution, the 100-
year return level (E100) is as follows: E100 = T1+b +b. Where b (blue arrows Fig. 2.1) is
the difference between the 10-year (T10) and 1-year (T1) return level, i.e.: b = T10−T1.
For any distribution that differs from a purely exponential one, the difference between
the 100-year return level (T100) and the 1-year return level (T1) can be described as:

T100 = T1+b +b +a (2.4)

In this equation a (red arrow in Fig. 2.1) is the additional increase caused by the heav-
iness of the tail, a = T100−T1−2b (Fig. 2.1). For any given extreme value distribution (red
dashed line in Fig. 2.1), a positive a is indicative of heavy tails, and a negative a of thin
tails. For pure exponential tails (blue dotted line in Fig. 2.1) it holds that a = 0. The value
for a is highly dependent on the local precipitation systems, so we defined the heaviness
amplification factor hT1−T10−T100 to be a normalization of a:

hT 1−T 10−T 100 = a

b
= T100−T1−2× (T10−T1)

T10−T1
= T100−2×T10+T1

T10−T1
= T100−T10

T10−T1
−1

(2.5)
In words, the meaning of hT1−T10−T100 is the fractional additional increase between

T100 and T10 that is more than the increase that could be expected from a pure expo-
nentially tailed distribution. A distribution has a heavy tail for h > 0 and a thin tail for
h < 0. Here, we chose a range for the heaviness metric over return periods from 1 to 100
years, since these return levels are known to be mostly influenced by the underlying data
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Figure 2.1: Illustration of our method to measure the tail heaviness for any distribution based on return levels
only. E100 is the 100-year return level if the extreme value distribution has an exponential tail. T100 is the
100-year return level for any extreme value distribution that differs from an exponential one.

(Rajulapati et al., 2020). Yet, it should be noted that this metric may easily be adjusted to
other return periods and other factors between the return periods. For GEV and POT the
heaviness metric is independent of the return period range as long as the return periods
are a factor 10 apart, because it is solely determined by the shape parameter. Although
for MEV this heaviness metric is only valid for the return period range over which it is
computed, using other ranges (T2-T20-T200, T5-T50-T500, and T10-T100-T1000) did
not yield significant differences (Supporting Information Section 2.5+2.6, Fig. S2.7+2.8).

2.3 RESULTS AND DISCUSSION

2.3.1 HYDROLOGICAL YEAR

Fig. 2.2 shows the frequency distribution of 1000-year return levels estimated using cal-
endar and hydrological years for GEV and MEV. The spatial distribution of the T1000
differences is presented in Supporting Information Fig. S2.2b for GEV and Fig. S2.2c for
MEV, and Fig. S2.3 presents the frequency distributions of all analyzed return levels. The
difference between the return levels estimated using calendar or hydrological years is
greatest when the hydrological year starts around April-September, as in the Mediter-
ranean, Middle-East, Southern Africa, Brazil, Indonesia and Western US (see Support-
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Figure 2.2: Weighted histogram showing the percentage difference in the values of T1000 quantiles calculated
using calendar years and hydrological years. Included in the figure are all cells where the start of the hydrolog-
ical year is different than the calendar year (i.e., the hydrological year does not start in January, see Supporting
Information Fig. 2.2a). A negative difference indicates that the T1000 estimate is larger using hydrological
years, whereas a positive difference indicates that the T1000 estimate is larger using calendar years.

ing Information Fig. S2.2). This is the case because there are many different events in-
cluded in hydrological compared to calendar years, resulting in different events and an-
nual maxima and therefore differences in the estimated extremes. For MEV the overall
sensitivity in T1000 estimates remains lower than that of GEV, suggesting that regional
sensitivity to the definition of block maxima can be quite significant for the GEV ap-
proach.

On the other hand, we found that in the case of GEV quantiles the fraction of sites
characterized by differences within ±0.5% is larger than for MEV. When the hydrological
year starts around November-February, it is only shifted by a few months so the annual
maxima mostly stay the same between the calendar and hydrological years. For GEV this
means that for many cells there is almost no difference in the T1000 estimates, whereas
for MEV the difference is small.

2.3.2 EXTREME PRECIPITATION ESTIMATES

Fig. 2.3 shows the 100-year precipitation return levels for a 24-hour duration. Extreme
value estimates for other durations and return periods are featured in the Global Pre-
cipitation EXtremes (GPEX) dataset (Gründemann et al., 2020). The spatial patterns of
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Figure 2.3: Precipitation return levels with a duration of 24-hours for a 100-year return period for different
extreme value distributions: (a) the Generalized Extreme Value (GEV) distribution, (b) the Peak Over Threshold
(POT) method, and (c) the Metastatistical Extreme Value (MEV) distribution. The colorbar has a logarithmic
scale, where yellow and purple colors respectively indicate low and very high 100-year precipitation return
levels. The black rectangles in panel a are the case studies corresponding to the areas in Fig. 2.4. Dry areas and
cells with too many discarded values are masked in gray following the method in section 2.1.1.
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the extremes estimated by GEV and MEV are similar to Zorzetto and Marani (2020, their
Figure 9), while the spatial pattern of the underlying GEV parameters are consistent with
Courty et al. (2019, their Figure 1). The global spatial pattern of return levels for the three
EV methods is similar, although large regional differences can be observed. The GEV
and POT results are similar in magnitude and show similar differences when compared
to MEV. The estimated precipitation extremes are generally lower for both GEV and POT
compared to MEV quantiles. MEV estimates exhibit smooth spatial patterns, whereas
the spatial patterns using GEV and POT are more irregular, consistent with the results of
Zorzetto and Marani (2020) for the conterminous US. Furthermore, Fig. 2.3 reveals the
presence of a large number of circular areas with heavier extremes, corresponding to the
location of gauges used for correcting precipitation estimates in the MSWEP algorithm
(Beck et al., 2019b). The effect of these local corrections is much larger for traditional
EV models (POT and GEV) than for MEV. The reduced spatial coherence in patterns of
extremes for GEV and POT is particularly evident in the Great Plains of North America,
and in Northern Russia, Southeast Asia, and Central Africa.

In order to study the ability of the three distributions to capture the spatial coherence
of precipitation extremes, we calculated the coefficient of variation (CV) for fourteen
study areas, see Fig. 2.4. The CV is the ratio of the standard deviation to the mean and is
used to compare the relative variation between the study areas. The higher the CV, the
higher the relative spread of the precipitation estimates within a spatial domain. This
figure shows quite similar behavior for GEV and POT, though POT has a slightly lower
spread. The CV for MEV is generally lower, which points to more spatially coherent T100
precipitation estimates based on single point time series (with 38 years of training data).
The CV for all EVDs is higher for areas that are more arid (e.g. Bolivia, Mongolia, Namibia
and Oman).
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Figure 2.4: Coefficient of variation for the difference in estimated T100 quantiles for the three extreme value
methods for 24-hour precipitation at selected case study areas. The locations of the case study areas are dis-
played in Fig 2.3a.
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Figure 2.5: Area-weighted average depth-duration-frequency curves for the global land surface (log-log scale).
T39 Observed is the mean spatially weighted maximum precipitation observed in the MSWEP-V2.2 dataset.

To further investigate the global differences in magnitude between the three meth-
ods, we examine the extremes for each distribution using a spatially weighted mean over
the global land surface. This is displayed for multiple return periods and durations as
depth-duration-frequency curves (Fig. 2.5). We first compare the maximum precipita-
tion observed (T39 observed, the black dotted line in Fig. 2.5) in the dataset to the pre-
cipitation predicted from each distribution. While locally the empirical T39 estimate
could be very different from the true return level, we expect the global average of this
value to be representative of the true T39. For GEV and POT, we expected the estimated
T39 to be close to the observed value since only the largest values are used to fit these
distributions. For MEV, we did not necessarily expect a good agreement for T39, but its
performance should be better for return levels greater than the length of the observation
time series (Marra et al., 2018, 2019b; Schellander et al., 2019; Zorzetto et al., 2016). The
results in Fig. 2.5 show that for the short duration events, the observed T39 is close to
the T39 for all three distributions. For increasing durations, the deviation between em-
pirically observed and EV modeled T39 quantiles increases, particularly for MEV. This
could be because a smaller number of events per year is used for the fit of MEV-Weibull,
whereas the number of events used for the fit of GEV and POT remains constant for all
durations. Both GEV and POT show an underestimation and MEV an overestimation.
This figure also shows again that the differences between GEV and POT are small. The
global average estimated extremes for GEV and POT are notably lower than for MEV, as
was already visible from Fig. 2.3. This difference is more pronounced for larger return
periods and longer durations.



2.3. RESULTS AND DISCUSSION

2

19

One reason the quantiles estimated using MEV are higher than using GEV and POT is
related to the increase in estimation uncertainty of Weibull parameters and higher inter-
annual variability when the number of events per hydrological year is low (Miniussi and
Marani, 2020). This is especially relevant in arid regions and for long durations (Fig. 2.3
and Fig. 2.5). For instance, for 5 and 10-day durations the average annual number of
events is 37 and 22 events respectively. It is therefore possible that this leads to an over-
estimation by MEV. To overcome this, windows of two or more years could result in a
better parameter estimation (Miniussi and Marani, 2020).

2.3.3 TAIL BEHAVIOR
To better understand the differences between extremes estimated using the three meth-
ods, we analyze their tail behavior using the heaviness amplification factor hT1−T10−T100

(Eq. 2.5). Fig. 2.6 presents hT1−T10−T100 for a 24-hour duration worldwide for each of
the three distributions. We refer to Figs, S2.9-S2.15 in Section 2.7 in the Supporting In-
formation for maps of hT1−T10−T100 for the other durations. Note that as expected the
heaviness metric gives a near-identical pattern for both GEV and POT as compared to
using their shape parameter directly, but this is less similar for MEV and its yearly mean
shape parameter (compare Fig. 2.6 to Fig. S2.6).

Both GEV (Fig. 2.6a) and POT (Fig. 2.6b) exhibit a large spatial variability in addi-
tion to a low spatial coherence. This makes it difficult to discern clear spatial patterns
with the exception of a few notable regions. For instance, in the Amazon, hT1−T10−T100 is
mostly negative, suggesting a tail with an upper limit, while in Eastern and Southern Aus-
tralia hT1−T10−T100 it is strongly positive, denoting strong heavy tail behavior. This map
roughly corresponds to the spatial patterns of the GEV shape parameter for daily precip-
itation shown by Papalexiou and Koutsoyiannis (2013, their Figure 13) and Ragulina and
Reitan (2017, their Figure 4) as well as a metric based on the mean excess function Ner-
antzaki and Papalexiou (2019, their Figure 7a). Given the more similar results between
these studies, who used for a large part the same data, we think that the differences with
our maps are likely caused by using different underlying data rather than the particular
heaviness metric. We also find that for the GEV and POT methods, grid cells associated
with heavy tails can be adjacent to cells with thin tails. Furthermore, in 28 % of the cells
for daily precipitation GEV and POT show a different type of tail, heavy/thin, in the same
grid cells. This highlights the large uncertainty associated with estimating reliable tail
parameters from short time series and the sensitivity of the GEV and POT methods to
sampling effects.

The heaviness of the MEV distribution (Fig. 2.6c) shows a more coherent spatial pat-
tern. At virtually all grid cells the heaviness amplification factor hT1−T10−T100 (Eq. 2.5)
indicates heavy tail behavior and there is a high consistency within geographic regions
and for all durations (Figures S8-S14). Based on previous studies (Cavanaugh et al., 2015;
Nerantzaki and Papalexiou, 2019; Papalexiou and Koutsoyiannis, 2013; Papalexiou et al.,
2013; Ragulina and Reitan, 2017), this predominantly heavy-tail behavior of daily precip-
itation was expected and is well captured by MEV. There are also topographical patterns
visible in the heaviness amplification factor (Fig. 2.6c), though they are not as clearly
distinguishable as for the shape parameter itself (Fig. S2.6). The heaviness tends to be
higher in arid areas, and lower in mountainous areas. Examples of arid areas with high
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Figure 2.6: The heaviness amplification factor hT1−T10−T100 (Eq. 2.5) for daily precipitation calculated for dif-
ferent extreme value methods: (a) GEV, (b) POT, (c) MEV. Red indicates a thin tail, white an exponential tail,
and blue a heavy tail. See section 2.2.2 for more information on the heaviness metric, and Figures S8-S14 for
maps of hT1−T10−T100 for the other durations. Dry areas and cells with too many discarded values are masked
in gray following the method in section 2.2.1.



2.3. RESULTS AND DISCUSSION

2

21

heaviness include the Sahara, the Namib and Kalahari in Africa, the Gobi, Thar and Tak-
lamakan in Asia, the Atacama Desert in South America, large areas of Southwestern Aus-
tralia, and the Arabian desert and other areas in the Middle East. This same pattern is to
a lesser extent also visible for the heaviness of GEV (Fig. 2.6a) and POT (Fig. 2.6b).

At high elevations a small hT1−T10−T100 is usually found for MEV (Fig. 2.6c). Exam-
ples include the Rocky Mountains and the Sierra Madres in North America, the northern
Andes and large areas of the Brazilian Highlands in South America, the Ethiopian High-
lands, the Scandinavian Mountains, and the Tibetan Plateau. These spatial patterns are
in contrast with what Papalexiou et al. (2018, their Figure 6) found for hourly Weibull tails
in the USA, where the heaviest tails are in the mountainous areas, and the thin tails are
in the south-east. However, our results correspond well to Ragulina and Reitan (2017,
their Figure 4), who showed that heaviness decreases with elevation.

A comparison of the heaviness for different distributions and durations is presented
as a boxplot in Fig. 2.7. For spatial maps of the heaviness for the different durations we
refer to Figures S8-S14. For GEV and POT, predominantly heavy tails are observed for
short durations and thinner tails for long durations. Furthermore, GEV and POT both
show a decreasing variability in the heaviness for longer durations, indicated by both
shorter whiskers and boxes. The decrease of the heaviness of the tails for increasing du-
rations is in line with the findings of Cavanaugh and Gershunov (2015), who found that
longer duration extremes exhibit thinner tails. For GEV and POT the longer durations
largely indicate tails with a finite upper end point, in half of the cases for a duration
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Figure 2.7: Boxplot showing the distribution of the heaviness amplification factor hT1−T10−T100 (-) for different
durations and extreme value methods: GEV, POT and MEV. The whiskers denote the 1st and 99th percentiles.
The top and bottom of the boxes represent the 75th and 25th percentiles, respectively. The dashed gray hori-
zontal lines indicate exponential tails. See section 2.2.2 for more information on the heaviness metric.
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of 10 days for GEV, and more than half for POT. One implication of this finding is that,
when computing return levels for a single location (see Figures S4 and S15), it is possi-
ble for the largest return periods that shorter duration quantiles estimate a higher pre-
cipitation depth than the longer duration quantiles. This is physically impossible (see
Fig. S2.16a,b,f and g), and we should thus be extremely careful when interpreting such
results.

MEV, on the other hand, shows different heaviness patterns than GEV and POT (Fig.
2.7 and Figures S8-S14). MEV shows almost entirely heavy-tail behavior, which remains
consistent across the range of durations examined. Furthermore, also the variability for
MEV is constant across durations, though with a slight increase for longer durations.
This is in line with Fig. 2.5, where the difference between the T39 observed and estimated
with MEV increases for the longest durations. It could be that MEV is overestimating
these return levels of these largest durations. A possible way to improve the estimations
would be to group multiple years together, as per Miniussi and Marani (2020).

The MEV distribution produces a spatially and temporally coherent heavy tail be-
havior based on a 38 years calibration sample and a single grid-cell analysis. This is a
promising result, as MEV, in contrast to the traditional methods analyzed, provides a
more spatially coherent picture of precipitation extremes without any prior hypothe-
sis on its spatial structure, for example through a spatial clustering scheme (Demirdjian
et al., 2018). In fact, the spatial structure of the tail heaviness obtained through the MEV
analysis could be used as a measure of statistical homogeneity for regionalization stud-
ies.

2.4 CONCLUSIONS
The aim of this research was to quantitatively characterize the spatiotemporal variation
of global precipitation extremes and their associated extreme value distribution tails.
We have fitted three different extreme value methods (GEV, POT, and MEV) to a global
precipitation dataset, MSWEP V2.2, to estimate extreme precipitation return levels for
eight durations. In order to compare the tails of the three distributions, we introduced
a novel heaviness amplification factor hT1−T10−T100 (Eq. 2.5). Instead of using calendar
years to delineate between different years, we used hydrological years, the start of which
we defined as the driest month. We demonstrated that there is a substantial difference
in the extremes depending on the definition of yearly blocks used in the extreme value
analysis (Fig. 2.2). Although there is no systematic bias, we still recommend to apply
the extreme value analyses for estimating extreme precipitation based on hydrological
years in future studies. Our analysis indicates that this can be particularly relevant in the
Southern hemisphere and in regions characterized by marked seasonal cycles.

It is well known that the traditional GEV and POT methods require very long data
series for accurate estimation of the tail behavior, and our study confirms that there is
a low spatial coherence for the tail properties of both distributions (Fig. 2.6a and b) us-
ing just 38 years of training data. The tail properties of the MEV distribution are spatially
more coherent (Fig. 2.6c) and hence the estimated return levels are more spatially coher-
ent as well (Fig. 2.3c). This spatially coherent behavior, consistent with previous results
obtained over the conterminous US (Zorzetto and Marani, 2020), shows that the MEV
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distribution is able to capture spatially consistent tail behavior from short time series
and by a single grid-cell analysis, without any prior information on the spatial precipita-
tion structures. The analysis of the MEV tail behavior reveals distinct spatial patterns, as
the heaviness appears to be controlled by climate zones and orography. Heavier tails are
observed in arid areas, and thinner tails in mountainous regions. More in-depth analy-
ses are necessary to draw definite conclusions on what exactly controls the heaviness of
extreme value distribution tails. The performance of MEV is promising for regions with-
out long local precipitation records. Furthermore, our study shows that the tail behavior
captured by MEV is coherent and heavy both spatially and temporally (Figures 2.6, 2.7
and S8-S14). For GEV and POT, on the other hand, the tail behavior decreases with in-
creasing event duration, resulting in a thin tail with a finite endpoint for about half of the
cells for a duration of 10 days. The ‘correct’ relationship between heaviness and precipi-
tation duration warrants further investigation.

We also conclude that both GEV and POT generally underestimate the observed ex-
tremes, whereas MEV overestimates them (Fig. 2.5). This occurs particularly for long-
duration extremes and large return periods. For MEV an explanation could be that there
are fewer events per year used for the yearly distribution fits, resulting in larger interan-
nual variability and thus overestimation of extremes. We do consider it likely, however,
that the results could be improved, for instance by changing the event threshold or by fit-
ting the Weibull distribution over two or more years for dry areas (Miniussi and Marani,
2020), so as to reduce inter-annual variability of the parameters due to samples of limited
length. Our results suggest that this issue is particularly relevant at the longest durations
examined. For GEV and POT the spatial consistency of the results could also be improved
by adopting spatial extreme models (Davison et al., 2012; Huser and Wadsworth, 2020).

The data generated for this study are openly available as the GPEX dataset (Gründe-
mann et al., 2020). These data include extreme precipitation return levels and extreme
value distribution parameters for durations between 3 hours and 10 days at a global grid-
ded 0.1◦ resolution. They could be used by engineers as a reference of precipitation ex-
tremes for data-scarce regions in particular. For scientific purposes, all underlying pa-
rameters are also available and can be used to answer several outstanding questions,
such as: what are the controls on the tail behavior of extremes, and what is driving the
different changes in tail heaviness with duration for GEV, POT, and MEV?





3
SEASONALITY OF HISTORICAL

PRECIPITATION EXTREMES

This chapter is based on: Gründemann, G. J., Zorzetto, E., van de Giesen, N. C., van der Ent, R. J. Historical
shifts in seasonality and timing of extreme precipitation, accepted for publication in Geophysical Research
Letters.

25



3

26 3. SEASONALITY OF HISTORICAL PRECIPITATION EXTREMES

SUMMARY

Global warming impacts the hydrological cycle, affecting the seasonality and timing of
extreme precipitation. Understanding historical changes in extreme precipitation occur-
rence is crucial for assessing their impacts. This study uses relative entropy to analyze
historical changes in seasonality and timing of extreme daily precipitation occurrences
on the global domain for 63 years of ERA5 reanalysis data. Our analysis reveals distinct
regional patterns of change. During the second half of the 20th century, Africa and Asia
experienced high clustering of precipitation extremes. Over the past 60 years, cluster-
ing increased in Africa while becoming more spread out in Asia. North America and
Australia had initially lower clustering and showed slight increases over time. Extreme
events in extra-tropical land regions mainly occurred in summer, with modest shifts in
timing. These findings have implications for risk assessments of natural hazard like flash
floods and landslides, emphasizing the necessity for region-specific adaptation strate-
gies.
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3.1 INTRODUCTION
Global warming is known to intensify the water cycle, leading to an increase in climate
extremes (Allen and Ingram, 2002; Easterling et al., 2016; Murray and Ebi, 2012). Histor-
ical data reveals increases in observed precipitation extremes (Alexander, 2016; Asadieh
and Krakauer, 2015; Papalexiou and Montanari, 2019), and projections indicate further
intensification in the future (e.g., Donat et al., 2016b; Fowler et al., 2021; Gründemann
et al., 2022; Meredith et al., 2019; Moustakis et al., 2021; Pfahl et al., 2017; Pendergrass and
Knutti, 2018; Tandon et al., 2018; Westra et al., 2014). Yet, these patterns and shifts are not
uniform across the world. Factors such as topography, oceanic cycles and atmospheric
patterns influence the spatiotemporal distribution and seasonality of extreme precipita-
tion events (Dey et al., 2021; Fernandes and Rodrigues, 2018; Gründemann et al., 2023;
Haylock et al., 2006). In tropical regions for instance, extreme precipitation predomi-
nantly occurs during monsoon seasons, with monsoon-affected areas witnessing an ex-
pansion, intensification of rains, and a prolonged monsoon season (Chen and Sun, 2013;
Kitoh et al., 2013). In contrast, mid-latitudes often experience precipitation extremes
during the transitional seasons, with many Mediterranean basins observing a shift to
earlier in the year (Tramblay et al., 2023). Polar regions, meanwhile, are witnessing an
increase in precipitation extremes during summer, with a transition from snow to more
rain (Landrum and Holland, 2020; Loeb et al., 2022; Wang et al., 2021).

Changes in seasonality of extreme precipitation can have negative impacts on hydro-
logical systems, agriculture, and overall water resource management (Kundzewicz et al.,
2018). Additionally, shifts in precipitation seasonality affects flood patterns (Berghuijs
et al., 2019; Blöschl et al., 2017; Wasko et al., 2020b,a) and the occurrence of natural haz-
ards, such as flash floods, landslides (Marc et al., 2018; Steger et al., 2023), and debris
flow (Nikolopoulos et al., 2015). Moreover, these changes interact with other climate
feedback mechanisms, such as snowmelt runoff, atmospheric rivers, and tropical cy-
clones, amplifying or mitigating the impacts of climate change on various parts of the
hydrological cycle (Gershunov et al., 2017; Miniussi et al., 2020b; Tarasova et al., 2023).

In recent decades, relative entropy has emerged as a valuable tool to study the sea-
sonality of precipitation and its extremes. Rooted in statistical physics and information
theory (Cover and Thomas, 2005; Greven et al., 2003), this method quantifies the statisti-
cal distance between the actual distribution of extreme precipitation occurrences and a
uniform distribution (Kullback and Leibler, 1951). Feng et al. (2013) introduced this tool
to the field of precipitation research to study the seasonality of monthly rainfall in tropi-
cal regions. Since, several studies have used relative entropy to study rainfall seasonality
across different time scales and geographical regions (Bal et al., 2019; Limsakul, 2020;
Moustakis et al., 2021; Pascale et al., 2015, 2016; Sahany et al., 2018). Hitherto, however,
a comprehensive global scale assessment of historically observed changes in timing and
seasonality of extreme precipitation is missing.

This study aims to bridge this gap by evaluating the seasonality and timing of extreme
daily precipitation. Using the relative entropy measure, we assess the degree of season-
ality in extreme precipitation and to evaluate historical trends. By defining extreme pre-
cipitation above a relative threshold, we investigate the spatial patterns of these changes
across different regions. We use the fifth generation of the European Reanalysis (ERA5)
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reanalysis dataset, which provides high-quality and relatively homogeneous precipita-
tion data, allowing for a comprehensive analysis of the observed changes in extreme
precipitation seasonality.

3.2 MATERIALS AND METHODS

3.2.1 DATA

Precipitation data were obtained from the ERA5 reanalysis dataset (Hersbach et al., 2018,
2020). This dataset was chosen for its continuous coverage and relatively long tempo-
ral span at high spatial and temporal resolutions. While reanalysis datasets provide a
comprehensive estimate of the global atmosphere-land-ocean system, it has known is-
sues in accurately simulating convective processes, data assimilation inconsistencies,
and limited observations over areas like oceans. The performance of ERA5 in capturing
precipitation extremes varies depending on the intensity and location (Lei et al., 2022).
ERA5 performs well over the extra-tropics, but exhibits larger errors over the tropics
(Lavers et al., 2022). Notably, while ERA5 tends to underestimate the heaviest precipi-
tation events, it reliably captures their general patterns, locations, and magnitude of less
intense events (Bandhauer et al., 2022; Hénin et al., 2018; Lavers et al., 2022; Shen et al.,
2022).

Hourly precipitation data from 01-01-1959 to 31-12-2021 at a resolution of 0.25◦ lat-
itude × 0.25◦ longitude (approximately 30 by 30 km at the equator). These data were
aggregated into daily estimates covering 63 years. The analysis involved moving 30-year
windows through the dataset, starting with the first 30 years (01-01-1959 to 31-12-1988)
and shifting forward by one calendar year for each new 30-year segment. This resulted
in 33 such 30-year windows.

3.2.2 PRECIPITATION EXTREMES

We defined precipitation extremes as the highest 3 events per year on average, corre-
sponding to the highest 90 events per 30-year window (or the 99.18th percentile of all
day precipitation, or a return period of 0.335 years). Different thresholds were explored
to quantify rainfall extremes across various regions, with little impact on the observed
trends. Inclusion of more events reduced seasonality (see Fig. S3.1), likely because that
incorporates precipitation from various precipitation-generating mechanisms which may
be characterized by different magnitudes and seasonal occurrence. This results in more
evenly distributed occurrences throughout the year.

3.2.3 RELATIVE ENTROPY AS A MEASURE FOR SEASONALITY

To assess the seasonality of extreme precipitation occurrences, we use Relative Entropy,
also known as Kullback-Leiber distance (DKL; Kullback and Leibler, 1951). Relative en-
tropy is a measure of the statistical distance between two probability distributions: (1)
the actual monthly distribution of extreme precipitation occurrences and (2) the uni-
form distribution (Cover and Thomas, 2005). The calculation of relative entropy (DKL) is
represented by the following equation:
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Figure 3.1: The value of the relative entropy DKL (Eq. (3.1) when all extreme rainfall occurrences are evenly
distributed over 1 to 12 months.

DKL =
12∑

m=1
pm log2

(
pm

qm

)
(3.1)

In this equation, pm represents the actual probability distribution of monthly extreme
precipitation occurrences, while qm denotes the uniform distribution of monthly oc-
currences. pm is calculated by dividing the number of monthly extreme precipitation
occurrences (nm) by the total number of occurrences (N = 90). Therefore, pm = nm/N .
The uniform distribution (qm) is approximately 0.083 for each month, taking into ac-
count the actual number of days in each month. The resulting value of DKL is mea-
sured in bits, as the base of the logarithm is 2 (Cover and Thomas, 2005), with a range
between 0.005 and 3.7. Higher values indicate a clustering of extreme precipitation oc-
currences, while lower values suggest a more evenly spread distribution throughout the
year. Fig. 3.1 serves as a reference to aid in the interpretation of DKL. A single DKL value
is calculated for each 30-year window, resulting in 33 values per grid cell. We note that
if two areas have a similar DKL value, that does not mean that the rainfall events in both
areas have similar magnitude, precipitation-generating mechanism, or timing.

3.2.4 TIMING
To evaluate the timing and duration of precipitation extremes, the centroid (C ) and the
spread (Z ) of the seasonal distribution were computed as the first and second moments
of nm , respectively. The formulas for calculating C and Z are as follows:

C = 1

N

12∑
m=1

m ×nm (3.2)

Z =
√√√√ 1

N

12∑
m=1

|m −C |2 ×nm (3.3)
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C represents the timing, while Z indicates clustering of the extremes around the cen-
troid. Even though C can be estimated for each grid cell, it is not useful for locations
with low DKL values, as there is no clear clustering of extremes. These metrics were only
estimated for gridcells where the mean DKL > 0.27, indicating clustering of extremes in
less than 10 months. To address potential errors related to events around November to
February, a six-month shift was applied and C and Z were recalculated and then shifted
six months back, yielding Cshift and Zshift. The choice between the original and shifted
values depended on which produced a lower mean spread for each grid cell. The mean
of the original C and Cshift as well as Z and Zshift are included in Fig. S3.2. Another ap-
proach to do this is using the circular mean as in Dey et al. (2021), but it yields similar
results.

3.2.5 REGIONAL ANALYSIS

The regional analysis was conducted for IPCC WGI reference regions (WGI-v4; Iturbide
et al., 2020), focusing on land regions. We pooled all events within a region, weighed
them by cell size, and calculated the regional DK L , C and Z (Eq. 1-3). To ensure a fo-
cus on regions with significant precipitation patterns, areas with very low rainfall, such
as the Sahara, were excluded from this study. These dry areas were identified as cells
where the mean value of the 90th highest rainfall event in the 30-year windows was be-
low 5 mm day−1 (gray cells in Fig. 3.2a). In the regional analysis, we only included regions
containing at least 50% of the cells meeting this criterion, excluding the Sahara, Arabian
Peninsula, and Eastern Antarctica.

3.2.6 STATISTICAL SIGNIFICANCE

Spearman rank correlation was performed to assess positive and negative monotonic
relationships between DKL and C over time in grid cells and regions. The correlation co-
efficient (ρ) ranges from -1 to 1, indicating the strength of the relationship. Significance
was determined for p < 0.05. We also have repeated this analysis testing for field signif-
icance, following the false discovery rate approach described in (Wilks, 2016, Eq. 3), with
minimal impact detected (see Fig. S3.3).

3.3 RESULTS
Fig. 3.2a displays the relative entropy (DKL) of daily extreme precipitation occurrences
as the mean value over all 30-year windows per grid cell. DKL follows geographical fea-
tures like mountain ranges and coastlines. Notably, mountain peaks exhibit low DKL

values, while slopes have higher values. Examples are found in the Andes, Patagonia,
Scandinavia, Ural Mountains, and Himalayas. Coastlines also display distinctive DKL

patterns, with land areas often exhibiting higher values compared to adjacent oceans,
seen around western Europe and Morocco, the Red Sea, the coast of eastern Africa, east-
ern Madagascar, western India, Myanmar, eastern Malaysia, and western Australia. In
ERA5, DKL is generally higher on land than over oceans, with the exceptions of the South
Pacific ocean, subtropical Atlantic and Arabian Sea. Panel b shows the DKL for each
WGI-v4 reference region over land, with regions like Madagascar, Western Africa, and
parts of Asia displaying the highest regional DKL values. Conversely, Eastern and West-
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Figure 3.2: Relative entropy of extreme daily precipitation occurrences (DKL, Eq. 3.1). Presented as a) the mean
of all 30-year windows analyzed per grid cell, where a low value signifies an even distribution of extreme rainfall
throughout the year, and a high value suggest clustering in a specific period. Panel b) shows DKL calculated per
WGI-v4 reference region over land. Panel c) shows the difference in DKL between the first land last windows
for each grid cell (∆ D = D1992−2021 −D1959−1988), with a negative ∆ D indicating a more even distribution of
rainfall extremes and a positive ∆D indicating more clustering. Panel d) shows the same difference calculated
per WGI-v4 reference region over land. Panel e) shows the Spearman rank correlation coefficient of DKL over
time, the non-white values indicate statistical significance (p < 0.05). Panel f) shows the correlation coeffi-
cients calculated per WGI-v4 reference region over land. Dry areas, defined as cells with a mean value of the
90th highest rainfall event in all 30-year windows below 5 mm day−1, are masked in gray. Regions in panels b),
d) and f) only include those containing at least 50% of the cells.
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ern United States, Southern South America, Southeast Asia and Southern Australia and
New Zealand exhibit the lowest DKL values on land.

When comparing the relative entropy of extreme precipitation occurrences in ERA5
(Fig. 3.2a) to that of extreme precipitation of gauge data and a regional climate model in
the US (Moustakis et al., 2021, their Fig. 7a and b), the results look largely similar. The
main difference is that our threshold of extreme events exhibits a stronger seasonality
along the entire west coast and lower seasonality in Arizona and Utah than (Moustakis
et al., 2021, their Fig. 7a and b). Furthermore, a comparison of our results to that of
monthly precipitation in GPCC (Pascale et al., 2015, 2016, their Figs. 1c), CMAP (Pascale
et al., 2015, their Fig. 1d), and CMIP5 historical simulations (Pascale et al., 2016, their
Fig. 1d), similar patterns emerge again. However, the relative entropy of extreme occur-
rences is higher, indicating a greater clustering of extreme events compared to monthly
precipitation. Regions such as northern North America, northern Europe, and various
parts of Asia show a particularly pronounced clustering of extremes. Additionally, the
geographical features of mountain ranges and coastlines are more prominent in the rel-
ative entropy of extreme occurrences compared to monthly precipitation.

Figs. 3.2c and d demonstrate the changes in relative entropy between the first and
last window for each grid cell and for WGI-v4 reference regions, respectively. The ob-
served changes display a mixed pattern of increases and decreases in precipitation sea-
sonality. Notably, Sub-Saharan Africa, Australia, and North America exhibit increasing
trends, suggesting a greater clustering of extreme events. Western Africa and North-
Eastern Africa shows the highest increase in DKL, indicating a further intensification of
extreme event clustering. Conversely, Asia, the Caribbean and North-East South Amer-
ica display decreasing trends, implying a transition towards a more even distribution of
extreme events.

Figs. 3.2e and f present the Spearman rank correlation coefficient of DKL over time.
The correlation patterns align closely with those seen in ∆ DKL, albeit with stronger sig-
nals. The correlation coefficient is statistically significant (p < 0.05) in 73.0% of all cells
and 73.4% of land cells (see Table 3.1). Out of the significant cells, approximately half
of the land cells have become more and less clustered. When correcting for field signifi-
cance, the results obtained in Fig. 3.2e do not change appreciably (see Fig. S3.3a).

Figs. 3.3a and e showcase the zonal means of DKL for each latitude on respectively the
global domain and over land only. Lower DKL values are evident in the southern hemi-
sphere, with greater variability observed over land. The subtropics and most northern
latitudes exhibit high DKL values. Drier areas display the highest inter-annual spread,

Table 3.1: Statistical significance (p < 0.05) of DKL trends with time, using the Spearman rank correlation
coefficient. Dry areas, namely the cells in which the mean value of the 90th highest rainfall event in the 30-
year windows is below 5 mm day−1, are not included.

global global land
Correlation coefficient significant 73.0% 73.4%

- of which positively 47.9% 50.1%
- of which negatively 52.1% 49.9%
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Figure 3.3: The relative entropy DKL indicating seasonality of extreme daily precipitation occurrences (Eq. 3.1)
presented as: a) mean value for each latitude across grid cells and e) across land cells. The colorbar in the
legend of these panels indicate the middle of a 30-year window. The mean value across all 30-year windows
is presented by the dashed black line. Panels b-d and f-h) show DKL calculated for each WGI-V4 land region.
Each line corresponds to a region with the same color as shown on the map in that panel. The x-axis presents
the middle of a 30-year window. Dry areas, defined as cells with a mean value of the 90th highest rainfall event
below 5 mm day−1 in all 30-year windows, are removed from this analysis.

encompassing the southernmost and northernmost latitudes, as well as the range be-
tween approximately -15 and -5◦ latitude.

The multidecadal variability in DKL for each WGI-v4 land region are depicted in Figs.
3.3b-d and f-h. Regions such as the Caribbean, South American Monsoon and North-
ern Australia display substantial variability, whereas regions such as Western Africa or
eastern South Africa show long-term increasing trends. Conversely, regions such as East
North America, Southern South America, the Mediterranean, and New Zealand exhibit
consistent relative entropy patterns over the years analyzed. Moreover, the highest val-
ues of DKL, so the highest clustering of precipitation extremes, are observed in geograph-
ically diverse regions, specifically Western Africa, Madagascar, Tibetan Plateau, Eastern
Siberia, Russian Arctic, and Northern Australia.

The mean seasonal centroid C , which represents the timing of extreme precipitation
occurrences, is presented in Fig. 3.4. Panel a displays the mean of all 30-year windows
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Figure 3.4: Mean seasonal centroid of the seasonality of extreme daily precipitation occurrences (C , Eq. 3.2).
Presented as a) the mean of all 30-year windows analyzed per grid cell, and b) calculated per WGI-v4 reference
region over land. Panel c) shows the difference in C between the first and last window for each grid cell in
number of days (∆C =C1992−2021−C1959−1988), with a negative∆C indicating that the central date of extreme
rainfall occurrences are taking place earlier in the year and a positive ∆ C indicating later in the year. Panel d)
shows the same difference calculated per WGI-v4 reference region over land. Panel e) shows the Spearman
rank correlation coefficient of C for each grid cell, the non-white values indicate statistical significance (p <
0.05). Panel f) shoes the correlation coefficients calculated per WGI-v4 reference region over land. Cells with
DKL < 0.27 (rainfall occurrences occurring in more than 10 months) are excluded. Also dry areas, defined as
cells with a mean value of the 90th highest rainfall event in all 30-year windows below 5 mm day−1, are masked
in gray. Regions in panels b), d) and f) only include those containing at least 50% of the cells based on the two
criteria above.
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for each grid cell, while panel b shows C per WGI-v4 reference region over land. The
centroid of extreme precipitation occurrences over extra-tropical land regions predom-
inantly falls in the summer months, with December-February in the Southern Hemi-
sphere and June-August in the Northern hemisphere. The exception is the Mediter-
ranean and west central Asia, where C occurs in winter (January - February). These
patterns are comparable to those observed in the GPCC dataset over land (Pascale et al.,
2015, 2016, respectivly their Figs. 15a and 1g), and CMIP5 historical simulations (Pascale
et al., 2016, their Fig. 1h), indicating a similarity between the centroid of extreme precip-
itation occurrences and all precipitation. Furthermore, our results closely align to those
of (Dey et al., 2021, their Fig. 2a and d), who estimated the timing of extreme precipita-
tion over Australia, defined as the maximum consecutive 5-day precipitation, using the
circular mean instead of C .

Fig. 3.4c and d present the difference in the number of days between the centroids
of the first and last window. In most WGI-V4 regions, there is a difference of only a few
days between the first and last window, indicating minimal changes in the timing of ex-
treme precipitation occurrences. In some specific regions, such as Australia, western
South America, northeastern Europe, the Mediterranean and South Asia, the centroid
falls a few days earlier in the year. Conversely in Western North America, South Central
America, the Caribbean, eastern South America, and most regions in Sub-Sahran Africa,
the centroid occurs a few days later in the year in the last window compared to the first.
The pattern for West Africa is in agreement with findings by Van de Giesen et al. (2010),
who noted that the onset of the rainy season has shifted to 10 days later in the year.

Figs. 3.4e and f present the Spearman rank correlation coefficient of C over time. Like
with Figs. 3.2e-f, the correlation patterns are similar with those seen in ∆C . Fig. S3.3b
shows Fig. 3.4e correcting for field significance, displaying very similar patterns. The
regional Spearman rank correlation coefficient is significant in 30 of the 38 included re-
gions, half of them have a positive and negative correlation coefficient.

When comparing the significant trends of the relative entropy (DKL, Fig. 3.2f) and
seasonal centroid (C , Fig. 3.4f) interesting global patterns emerge. In Australia, the Me-
diterranean and northwest North America, the value of DKL increases while C decreases.
This means a higher degree of clustering combined with extremes that occur earlier. In
southern Asia, northwest South America and southeastern Africa, the value of DKL de-
creases while C decreases too, so more evenly spread out extremes and earlier in the year.
In western Africa, central Africa, eastern Southern Africa and Madagascar, both DKL and
C are increasing. The same is observed over western North America and Greenland.

3.4 CONCLUSIONS
In this study, we examined the seasonality of extreme daily precipitation occurrences us-
ing a metric based on relative entropy (DKL) as an indicator of intra-annual clustering. By
analyzing more than 60 years of precipitation data from ERA5 (1959-2021), our findings
highlight significant historical shifts in the seasonality of extreme precipitation occur-
rences across different regions. In Africa, characterized by large seasonality at the begin-
ning of the analyzed time period, we observed a further increase in the concentration of
extreme precipitation events during specific times of the year. In Asia, although initial
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DKL values were also high, a decrease in clustering was observed over time. Australia
and North America, characterized by initially low DKL values, experienced an increase
in the clustering of extreme precipitation events. In parts of South America DKL has de-
creased, whereas in Europe DKL has remained relatively constant. Future work may seek
to extend this analysis and that of Pascale et al. (2015, 2016) by evaluating whether his-
torical climate model simulations capture the trends in extreme rainfall seasonality we
observed in ERA5 reanalysis. Such an approach could then be used for improved projec-
tions of future changes in extreme precipitation seasonality.

Examining the timing of extreme precipitation occurrences, we found that the peak
of extreme events over extra-tropical land regions typically falls within summer. The
observed patterns align with those of monthly precipitation, suggesting a similarity in
the seasonality between extreme event occurrence and total precipitation amounts. The
observed shift in timing of the centroid usually just spans a few days, suggesting a mod-
est change in the timing of the extreme precipitation events. Changes in the timing
of precipitation extremes have implications for flood risk (Blöschl et al., 2017; Wasko
et al., 2020a,b), for instance when earlier extreme precipitation occurrences are com-
bined with earlier snowmelt due to increasing global temperatures (Tarasova et al., 2023).
Conversely, when extreme events occur outside of the main rainy season, the probabili-
ties of soil erosion and landslides are higher (Steger et al., 2023). As such our work high-
lights the importance of taking changes in timing of extremes into account in climate
adaptation scenarios.
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SUMMARY

Future rainfall extremes are projected to increase with global warming according to the-
ory and climate models, but common (annual) and rare (decennial or centennial) ex-
tremes could be affected differently. Here, using 25 models from the Coupled Model In-
tercomparison Project Phase 6 driven by a range of plausible scenarios of future green-
house gas emissions, we show that the rarer the event, the more likely it is to increase
in a future climate. By the end of this century, daily land rainfall extremes could in-
crease in magnitude between 10.5% and 28.2% for annual events, and between 13.5%
and 38.3% for centennial events, for low and high emission scenarios respectively. The
results are consistent across models though with regional variation, but the underlying
mechanisms remain to be determined.
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4.1 INTRODUCTION
Global warming will result in an intensification of the water cycle (Allen and Ingram,
2002). An increase in rainfall extremes is already observed in many regions in the world
(e.g., Alexander, 2016; Asadieh and Krakauer, 2015; Donat et al., 2016a; Papalexiou and
Montanari, 2019; Westra et al., 2013), and research shows that extremes will increase in
the future depending on the emission scenario (Donat et al., 2016b; Kharin et al., 2013;
Moustakis et al., 2021; Myhre et al., 2019; Sillmann et al., 2013). Global climate models
(GCMs) are the only available tools to study future daily rainfall extremes on the global
domain, but come with limitations. A large limitation is that GCMs do not resolve con-
vective processes, which are important drivers of extreme precipitation (Loriaux et al.,
2013; Westra et al., 2014). Recent research demonstrates that GCMs included in the Cou-
pled Model Intercomparison Project Phase 6 (CMIP6; Eyring et al., 2016) have decent
skill in modeling extreme rainfall in comparison to observations (Li et al., 2021). Yet,
when interested in absolute magnitudes or specific locations, a careful selection of mod-
els based on observations or advanced bias correction approaches are necessary (John-
son and Sharma, 2012; Mehrotra and Sharma, 2021; Photiadou et al., 2016), but these are
less relevant when studying relative changes over time.

Studies investigating the simulation of rainfall extremes in global climate models typ-
ically focus on one of two types of extremes: (1) common and (2) rare. Climate indices fo-
cusing on “common" extremes typically have probabilistic return times of a year or less.
Examples of such indices include annual maxima (Asadieh and Krakauer, 2015; Boro-
dina et al., 2017), a percentile-based threshold, e.g. the 90th, 95th, 99th, or 99.9th per-
centile (Fischer and Knutti, 2016; Pendergrass and Knutti, 2018; Scoccimarro and Gualdi,
2020), or indices like R20mm (the number of days per year in which precipitation depth
exceeds 20 mm) as defined by “the expert team on climate change detection and indices"
(Alexander and Arblaster, 2017; Bador et al., 2018; Myhre et al., 2019). These indices are
well-studied on global and regional domains, and many regions expect a substantial in-
crease in such common extremes (Bador et al., 2018; Borodina et al., 2017; Donat et al.,
2016b; Dong et al., 2021; Fischer and Knutti, 2016; Scoccimarro and Gualdi, 2020). The
second type of extremes are the “rare" ones with multi-year or multi-decade return time
periods, which are important for infrastructure design (Kharin et al., 2013). In hydrology
these are typically estimated based on extreme value theory (using a historical time se-
ries of the same location), but model-based (e.g., Aalbers et al., 2018; Maher et al., 2021)
or spatial pooling based approaches (e.g., Olsson et al., 2019; Overeem et al., 2008) also
exist to increase the time series length. There are fewer studies on the effect of global
warming on such rare extremes (Chan et al., 2018; DeGaetano and Castellano, 2017;
Hodnebrog et al., 2019), or on the differences in future changes between “common" to
“rare" extremes (Aalbers et al., 2018; Li et al., 2021). The latter studies point to a possible
larger relative increase of the rare extremes.

The scientific debate regarding the effect of global warming on rainfall extremes has
not yet fully addressed this difference in the expected change for the common and rare
extremes, and if that differs for different climatic regions across the world. Here, we
investigate the spatiotemporal patterns of a range of common to rare extremes using
a large ensemble of precipitation estimates from the GCMs included in CMIP6 (Eyring
et al., 2016).
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4.2 METHODS

4.2.1 CMIP6 MODEL DATA
Daily precipitation simulations from the Coupled Model Intercomparison Project Phase
6 (CMIP6) archive are analyzed for the historical and future scenarios. The future late
twenty-first century scenarios are Shared Socioeconomic Pathways (SSPs) coupled with
the previous Representative Concentration Pathways (RCPs) (O’Neill et al., 2016). We
included in our analyses SSP1-2.6, SSP2-4.5, SSP3-7.0 and SSP5-8.5, ranging from the
least to the most emissions. The two time periods that are compared are (1) the simu-
lated historical late twentieth century period 1971-2000, and (2) the late twenty-first cen-
tury period 2071-2100 (or 2070-2099 or 2069-2098, depending on the available climate-
model output and ensuring that the latest 30 years leading up to 2100 are used). We
use all 25 GCMs that provide complete simulations for the two time periods and all an-
alyzed scenarios (ESGF). For the main analysis we used only one realization per GCM,
but we also analyzed all the different realizations with complete simulations for all five
scenarios (one historical and four SSP scenarios, see Supporting Information Figs. S4.12-
S4.22 in Gründemann, 2023). We arbitrarily selected the first available realization of
each GCM, however, the similarity between different realizations (Supporting Informa-
tion Figs. S4.12-S4.22) led us to believe that this did not affect our main findings. An
overview of the models is displayed in Table 4.1. As there are large differences in the res-
olution of the different GCMs, the analyses are performed on each model’s native grid.
The results are then remapped to a 0.25◦×0.25◦ grid using the nearest neighbor inter-
polation method for the ensemble means. The results remain mostly unaffected by the
remapping, as the 0.25◦×0.25◦ grid is a higher resolution than the native grid of each of
the models. Specifically, the remapped grid-cells are 4 to 63 times smaller depending on
the model resolution, and as we used nearest neighbor interpolation no spatial averag-
ing is taking place. Moreover, as the main results of this study are relative values instead
of absolute values, the different resolutions of the models do not influence these results.

4.2.2 MODEL WEIGHTING
To account for GCM performance as well as model inter-dependencies in the used multi-
model ensemble, we apply the Climate model Weighting by Independence and Perfor-
mance (ClimWIP) method (Brunner et al., 2020; Knutti et al., 2017; Lorenz et al., 2018;
Merrifield et al., 2020). ClimWIP assigns a weight wi to each model to account for the
models’ performance in simulating historical climate (Di ) and independence from the
other models ( j = 1...M) in the ensemble (Si j ):

wi = e
−

(
Di
σD

)2

1+∑M
j ̸=i e

−
(

Si j
σS

)2 , (4.1)

with the shape parameters σD and σS determining the strength of the performance and
independence weighting, respectively (see Brunner et al. (2020) for more details). We
use an implementation of ClimWIP within the Earth System Model Evaluation Tool (ES-
MValTool) (Eyring et al., 2020) version 2.3 (Andela et al., 2021).
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Table 4.1: Overview of the CMIP6 GCMs and the weights for each GCM included in this study.

Model
No. of cells
(Lat × Lon)

No. of re-
alizations

Institution, country Weight

ACCESS-CM2 144 × 192 3 CSIRO-ARCCSS, Australia 0.0711098
BCC-CSM2-MR 160 × 320 1 BCC, China 0.0375146
CAMS-CSM1-0 160 × 320 1 CAMS, China 0.0205778
CanESM5 64 × 128 50 CCCMA-ECCC, Canada 0.0161621
CESM2 192 × 288 2 NCAR, USA 0.0736632
CESM2-WACCM 192 × 288 1 NCAR, USA 0.0346487
CMCC-CM2-SR5 192 × 288 1 CMCC, Italy 0.0414861
CNRM-CM6-1 128 × 256 1 CNRM-CERFACS, France 0.0350501
CNRM-ESM2-1 128 × 256 1 CNRM-CERFACS, France 0.0547842
EC-Earth3 256 × 512 7 EC-Earth consortium 0.0016417
EC-Earth3-Veg 256 × 512 4 EC-Earth consortium 0.0834485
FGOALS-g3 80 × 180 3 LASG-IAP-CAS, China 0.0091949
GFDL-ESM4 180 × 288 1 GFDL-NOAA, USA 0.1476730
IITM-ESM 94 × 192 1 CCCR-IITM, India 0.0372205
INM-CM4-8 120 × 180 1 INM-RAS, Russia 0.0141569
INM-CM5-0 120 × 180 1 INM-RAS, Russia 0.0323639
IPSL-CM6A-LR 143 × 144 6 IPSL, France 0.0362602
KACE-1-0-G 144 × 192 3 NIMS/KMA, Republic of Korea 0.0497750
MIROC6 128 × 256 3 CCSR-UT-JAMSTEC-NIES, Japan 0.0668575
MIROC-ES2L 64 × 128 1 CCSR-UT-JAMSTEC-NIES, Japan 0.0093852
MPI-ESM1-2-HR 192 × 384 1 MPI, Germany 0.0504672
MRI-ESM2-0 160 × 320 2 MRI, Japan 0.0302788
NorESM2-LM 96 × 144 1 NCC, Norway 0.0199261
NorESM2-MM 192 × 288 1 NCC, Norway 0.0201326
UKESM1-0-LL 144 × 192 5 MO-NERC, UK 0.0062219
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The independence weighting is based on model-model distances in 1979-2014 cli-
matologies of temperature and sea level pressure in the same setup as used by Brunner
et al. (2020) but updated for the 25 GCMs used in this study. These metrics have been
shown to cluster models by known development families and account for dependencies
(Brunner et al., 2020; Merrifield et al., 2020).

For model performance we adapted the metrics used in ref. (Brunner et al., 2020)
to the target of global precipitation change. In contrast to other important climate vari-
ables, most prominently future warming (Brunner et al., 2020; Nijsse et al., 2020; Tokarska
et al., 2020; Zelinka et al., 2020), emergent constraints (Hall et al., 2019) for global precipi-
tation changes have only recently been suggested (Shiogama et al., 2022; Thackeray et al.,
2022). Here, our main aim was to reduce the influence of models which simulate vari-
ables considered important for the representation of precipitation very different from
observations rather than applying a constraint that necessarily reduces model spread.
Performance weights were, therefore, based on five metrics: (1) the temperature trend,
which has been found to be an important constraint for temperature and precipitation
changes alike (Shiogama et al., 2022; Tokarska et al., 2020), (2) the temperature climatol-
ogy, (3) the variability of temperature, (4) the precipitation climatology and (5) the vari-
ability of precipitation, all in the period 1979-2014. Models which perform poorly in one
or more of these metrics received less weight in the calculation of multi-model statistics
as we trust their projections of future precipitation less. The strength of the weighting
was established using a leave-one-out model-as-truth test (Brunner et al., 2019, 2020;
Knutti et al., 2017) on the target of global mean precipitation change. The resulting
weights for each model are included in Table 4.1 and have a range comparable to recent
studies, such as Brunner et al. (2020) (their Table S4.2 in the supplement). The weights of
the models were used to create the multi-model weighted ensemble means for Figs. 1, 2,
4, and Supporting Information Figs. S4.4, S4.7-S4.9, and S4.23-S4.25. The multi-model
ensemble means shown in this manuscript are weighted using the described method,
but we note that using unweighted estimates does not considerably affect the results
and conclusions drawn in this study (see Supporting Information Figs. S4.1-S4.3).

4.2.3 EXTREME PRECIPITATION ESTIMATES
In this study, we estimated the common and rare extreme precipitation at each model
grid-cell using three different methods: (1) the Metastatistical Extreme Value (MEV) dis-
tribution, (2) the Generalized Extreme Value (GEV) distribution, and (3) quantiles di-
rectly obtained from the precipitation simulations of all models. By using different meth-
ods for the calculation of precipitation extremes, we show the robustness of our results
and allow for comparison with other studies. We found the results to be largely indepen-
dent of the statistical method, but here we mainly show the results obtained by using the
MEV distribution (Marani and Ignaccolo, 2015; Zorzetto et al., 2016) as it produces the
smoothest spatial patterns (Gründemann et al., 2023; Zorzetto and Marani, 2020) and
reduces uncertainty for the rarest extremes (Zorzetto et al., 2016).

The rare precipitation extremes (with return levels of 10 and 100 years) we present
in this paper are calculated using the first method: the MEV distribution (Marani and
Ignaccolo, 2015). As opposed to traditional extreme value distributions, MEV uses all
available data, and is, therefore, able to estimate return periods higher than the period
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of record with reduced uncertainty if the tail of the true distribution matches (Marra
et al., 2018, 2019b; Schellander et al., 2019; Zorzetto et al., 2016), and shows more consis-
tent geographical patterns than traditional methods as GEV (Gründemann et al., 2023;
Marra et al., 2019a; Zorzetto and Marani, 2020). Following the approach of Zorzetto et al.
(2016), for each individual year the Weibull distribution is fitted to all days with a pre-
cipitation depth exceeding 1 mm. Years are grouped together if the number of events
per year is lower than twenty, to allow for more accurate parameter estimation (Miniussi
and Marani, 2020). The Weibull parameters are fitted using probability weighted mo-
ments (Greenwood et al., 1979). The cumulative distribution function of MEV-Weibull is
as follows:

ζm(x) = 1

M

M∑
j=1

{
1−exp

[
−

(
x

Cj

)wj
]}n j

(4.2)

where j is the year ( j = 1,2, . . . , M), C j > 0 is the Weibull scale parameter, w j > 0 is
the Weibull shape parameter, and n j is the number of wet events in hydrological year
j (Marani and Ignaccolo, 2015).

The second method to calculate the rare extremes is using the traditional GEV distri-
bution. Annual maxima are used to estimate the GEV parameters with the L-moments
approach (Hosking, 1990). The cumulative distribution function of GEV is:

G(z) =
 exp

{
−[

1+ξ
( z−µ

σ

)]− 1
ξ

}
,ξ ̸= 0

exp
{−exp

[−( z−µ
σ

)]}
,ξ= 0

(4.3)

with location parameter µ ∈ (−∞,∞), scale parameter σ > 0, and shape parameter ξ ∈
(−∞,∞). The results for GEV are included in Supporting Information Fig. S4.10.

The third method is to obtain the precipitation extremes directly from the precipi-
tation estimation of each model, using all-day percentiles. The common extremes we
present in this paper, the ones with a return level of 1 year (99.7262th percentile), are
directly estimated from the precipitation time series for each grid-cell. This is because
extreme value distributions are designed for return levels greater than the length of the
time series. We also estimated the precipitation depths for all-day percentiles corre-
sponding to the 0.3-year (approximately once every 109 days), 3-year, and 30-year (high-
est value in the 30-year time-series) return levels: the 99.0874th, 99.9087th, and 99.9909th
percentile respectively. For the 30-year return level it is particularly uncertain whether
the maximum observed precipitation event actually represents an event with a 30-year
return period, which is why we did not use this as a primary method. Yet, averaged over
large regions or globally this approach can still be considered valid. The results for this
method are included in the Supporting Information Fig. S4.11.

4.2.4 CHANGES IN PRECIPITATION ESTIMATES

This study is focused on relative changes in precipitation extremes in order to overcome
the issues of systematic bias and different climate model resolutions. Moreover, rela-
tive changes allow for comparison between geographical regions with highly different
precipitation amounts. As a reference for absolute values, we show the weighted mean
precipitation depth for a precipitation event that would occur on average once every 100
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Figure 4.1: The 100-year return level of daily precipitation. The 100-year return level of daily precipitation
weighted mean across 25 CMIP6 models for a historical (1971-2000) and b SSP5-8.5 future (2071-2100) periods.
The individual model results are shown in Supporting Information Figs. S4.4 and S4.5. Dry areas (weighted
mean of less than 3 events per year) are masked in gray.

years in Fig. 4.1 (see Supporting Information Figs. S4.4 and S4.5 for the individual mod-
els). The highest model-agreement is shown over the higher latitudes and arid regions,
the lowest over the tropics, which most models have issues simulating correctly (Bador
et al., 2018; O’Gorman, 2015; Kharin et al., 2013) (see Supporting Information Fig. S4.6).

To study if the relative change in common extremes is different from the relative
change in rare extremes, we use the following two equations:

Crel,t,x =
TtSSPx −Tthistorical

Tthistorical
(4.4)

D100−1,x =Crel,100,x −Crel,1,x =
T100SSPx −T100historical

T100historical
− T1SSPx −T1historical

T1historical
(4.5)

With eq. 4.4 we estimate (Crel,t,x), which is the relative change between historical and
future precipitation for each of the return levels (Tt) and for any SSP scenario (SSPx). We
use eq. 4.4 as input for eq. 4.5, where D100-1,x stands for the difference in change of rare
and common extremes, T100 stands for the 100-year return level and T1 for the 1-year
return level. For the all-day percentile method the same formula applies, but T100 and
T1 were substituted by T30 and T0.3.
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4.2.5 STATISTICAL ANALYSIS

To determine whether the results found that rarest extremes will increase more than the
common ones (D100−1,x > 0, eq. 4.5) are statistically significant, we followed Livezey and
Chen (1983). To account for spatial correlation, we first calculated the number of spheri-
cal harmonics that explain 95 % of the observed variation in change in T1 (Crel,1,x, eq. 4.4)
and change in T100 (Crel,100,x, eq. 4.4) for each of the 25 GCMs and SSP scenarios. The
degrees of freedom in these data were set to be equal to this number of harmonics. Note
that the lower the percentage used, the more conservative the test will be, with 95 % be-
ing conservative. We then drew a number, equal to the degrees of freedom, of random
samples from the change in T1 and T100 estimates for each GCM and SSP scenario, and
calculated the median of these samples. The drawing excluded masked pixels (weighted
mean of less than 3 events per year, see Section Mask dry areas) and was weighted ac-
cording to the area of the pixels. This analysis was done as a monte carlo (mc) simu-
lation and repeated 10,000 times to determine the Cumulative Distribution Function of
the median of samples of size degrees of freedom of randomly chosen pixels. Finally, the
values that exceeded 5 %, 2 %, and 1 % of the medians of the samples, were taken as the
95 %, 98 %, and 99 % confidence levels with which the null-hypothesis that there was no
increase could be rejected.

We also applied the Spearman’s rank correlation to analyze if the median change in
the monte carlo 100-year return level (mc-Crel,100,x, eq. 4.4) is significantly larger than
the median change in the monte carlo 1-year return level (mc-Crel,1,x). We assumed
that each GCM is an independent experiment resulting in an estimate for mc-Crel,100,x

and mc-Crel,1,x. The null-hypothesis is that there is no statistical relationship between
the change and being a member of either the mc-Crel,100,x or the mc-Crel,1,x family (i.e.,
mc-Crel,100,x = mc-Crel,1,x). We tested whether the changes in 100-year return levels are
significantly larger than the changes in 1-year return levels at 99 %, 99.9 %, and 99.99 %
significance levels.

4.2.6 MASK DRY AREAS

Estimating the difference between common and rare extremes for highly arid places,
such as the Sahara, makes little sense as precipitation occurs so seldom. Therefore, we
created a mask to remove very dry areas from our study, based on the mean number of
dry events per year combined with the performance-based weights for each model. We
calculated the mean number of events per year for each of the 25 models, each individual
pixel, and for the one historical and four future scenarios. We used this information to
create a mask per model and scenario, with a 1 if the number of events is equal to or
exceeds three events per year, and a 0 if there are less than three events per year. These
individual masks are then remapped to a 0.25◦ × 0.25◦ grid using the nearest neighbor
interpolation method. The masks for the individual models and scenarios, consisting of
0 and 1 values, are multiplied by the performance-based weights for each model. After
which, the sum of the 25 weighted masks for each pixel and each individual scenario is
taken. If the sum of the 25 weighted masks es equal to or greater than 0.75 at the pixel
level, that pixel will get the value of 1. If the sum of the weighted masks are smaller than
0.75, that pixel will get the value of 0. This results in five masks with values of 0 and 1:
one for the historical scenario and four for the SSP scenarios. The final mask is created
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by multiplying all five masks, to ensure that there are on average 3 events per year for all
individual scenarios. The areas where there are not enough events per year are marked
as gray on the maps, and these pixels are not considered for any analyses.

4.2.7 REGIONAL ANALYSIS

We conducted the regional analysis based on the Intergovernmental Panel on Climate
Change Working Group I (IPCC WGI) reference regions, version 4 (Iturbide et al., 2020).
Supporting Information Fig. S4.26 shows an overview of the geographical locations of
these reference regions, whereas the region name corresponding to the abbreviations
are included in Table 4.2. The IPCC WGI reference regions were chosen in order to allow
for consistency with other scientific research. These IPCC WGI regions were used to cal-
culate the weighted multi-model ensemble regional means, for Table 1, and Supporting
Information Tables S4.3 and S4.4. Furthermore, weights were applied to reflect the cell
sizes, so that cells with larger land masses (around the equator) get higher weights than
the cells with small land masses (higher latitudes around the poles).

4.3 RESULTS
Future precipitation extremes for the climate scenarios are expected to increase in mag-
nitude over land compared to historical extremes (Fig. 4.2 and Supporting Information
Figs. S4.7-4.9). This increase has high model agreement, irrespective of the climate sce-
nario or how rare the extremes are. Regions with the largest magnitude increase in fu-
ture extremes are mainly located in areas around and just north of the equator, stretching
from the Equatorial Pacific Ocean, via northwest South America, through the Sahara and
Western, Central and Eastern Africa, the Arabian-Peninsula and Arabian Sea to South
Asia and the Tibetan Plateau. There are some locations over the subtropical Atlantic and
South Pacific oceans where extreme precipitation is expected to decrease in the future,
though more so for the common return levels. This is in agreement with findings by
Pfahl et al. (2017), who demonstrated that the dynamic contribution of daily precipita-
tion over subtropical oceans causes robust regional decreases in extreme precipitation.
These regional patterns of increasing and decreasing precipitation extremes are similar
to those of Li et al. (2021), their Fig. 5. Furthermore, the areas with the highest increases
and lowest decreases overlap with the areas with the most positive and negative scaling
with dew point temperature (Ali et al., 2021, their Fig. 4).

The rarest precipitation extremes (i.e. the blue squares in Fig. 4.3) will increase more
relative to the more common ones (i.e. the green triangles in Fig. 4.3). As expected, all
individual models predict a global median magnitude increase in extreme precipitation
for each of the four SSPs. However, the finding that this increase is relatively larger for
rarer extremes is to the best of our knowledge the novel part of the results. Technically,
this implies that the tails of extreme value distributions (Gründemann et al., 2023) be-
come heavier in a future climate. This behavior is consistent at the global domain across
all 25 CMIP6 models analyzed (Fig. 4.3) and statistically significant for all SSP scenarios
(Supporting Information Table S4.1), as well as for other statistical methods (Supporting
Information Figs. S4.10 and S4.11) and other GCM realizations (Supporting Information
Figs. S4.12-S4.22). Furthermore, these findings are statistically significant for most indi-



4.3. RESULTS

4

47

1-year return level

10-year return level

100-year return level
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Figure 4.2: Relative change of future vs historical precipitation return levels. Relative change of the a 1, b 10
and c 100-year return levels of daily precipitation expressed as weighted mean across 25 CMIP6 models for the
SSP5-8.5 future period (2071-2100) with respect to the historical period (1971-2000) (eq. 4.4). Hatching is in
the locations where >75 % of the weighted models agree on the sign of the change. Dry areas (weighted mean
of less than 3 events per year) are masked in gray.
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Figure 4.3: Global relative change of precipitation extremes for each individual climate model. Relative change
of daily precipitation extremes simulated using 25 CMIP6 GCMs for the future period (2071-2100) SSP scenario
a 1-2.6, b 2-4.5, c 3-7.0 and d 5-8.5, with respect to the historical period (1971-2000), eq 2. Triangle, circle and
square markers respectively represent the global area-weighted median values of the 1, 10 and 100-year return
levels. The shaded areas are the area-weighted 25th to 75th percentile intervals. The dashed lines between
markers are added for visibility.

vidual GCMs, particularly for the high emission scenarios (21 out of 25 GCMs for SSP3-
7.0 and SSP5-8.5, Supporting Information Table S4.2) and more so for the GCMs with the
highest resolutions (Table 4.1).

Our main result that the magnitude of rarer extremes are expected to increase rela-
tively more is also backed by earlier observation based studies over Australia (Guerreiro
et al., 2018) and over Europe and the USA (Fischer and Knutti, 2016). As well as based
on a single model initial-condition large ensemble study over Western Europe (Aalbers
et al., 2018), and on CMIP6 global climate models (Li et al., 2021). The relative magnitude
increase is also stronger with higher emission scenarios (see also Table 4.2), underlining
the importance of emission reduction for extreme precipitation hazards.

Fig. 4.4 and Table 4.2 show where the magnitude of most rare extremes increases
relatively more than the common ones, as the difference in relative changes in the 100-
year and 1-year return level estimates (see eq. 4.5 in Section 4.2.4). Land regions with the
largest relative magnitude increase of rare extremes with respect to the common ones
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Figure 4.4: Difference in future changes between rare and common extremes. Difference in weighted mean
change for the 100- and 1-year return levels between the historical and future SSP scenarios a 1-2.6, b 2-4.5,
c, 3-7.0 and d 5-8.5. Panel d is the difference of Fig.4.2c and a. A positive change indicates that the 100-year
return levels will increase relatively more than the 1-year return level (eq. 4.5) The hatching represents areas
where more than 75 % of the models agree on the sign of change. Dry areas (weighted mean of less than 3
events per year) are masked in gray.

are around the subtropics (Sahara and surroundings, Amazon and Central America, and

Central and Northern Australia), and oceanic regions include the South Pacific, South
Atlantic, South Indic, and to a lesser extent their Northern counterparts. A few regions
are exceptions where the common extremes instead are expected to increase relatively
more than the rare ones, which are around the Equatorial Pacific Ocean and the poles.
For future low-emission SSP scenarios, the models show large spatial discrepancies, con-
trary to high model agreement for the highest emission scenarios, predominantly over
the subtropics. At the high latitudes and tropics, however, the models show more dis-
agreement, which can be explained by more model uncertainty of extreme precipitation
over the tropics in general due to the GCM differences (Bador et al., 2018).

4.4 DISCUSSION
We showed that in the future rare daily precipitation extremes are expected to increase
more than common extremes. The CMIP6 GCMs exhibit high model agreement for this
finding in general, particularly for the highest emission scenario (Fig. 4.4), but some spa-
tial differences exist. The higher the emission scenario, the higher the relative differ-
ence found between rare (100-year return level) and common extremes (1-year return
level), and with higher statistical significance (Table S4.1). Particularly we found for low
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Table 4.2: Regional difference in weighted mean change for the 100- (Supporting Information Table S4.4) and
1-year return levels (Supporting Information Table S4.3) between the historical (1971-2000) and four future
SSP scenarios (2071-2100). The regions in the table are the IPCC WGI reference regions (version 4, Iturbide
et al., 2020), as well as global land cells and all global cells (italic). Values are ordered in descending order
for SSP5-8.5. A positive change indicates that the 100-year return levels will increase relatively more than the
1-year return level.

Abbreviation Region SSP1-2.6 SSP2-4.5 SSP3-7.0 SSP5-8.5
SAH Sahara 10.69 18.81 24.93 34.45
WAF Western-Africa 3.62 8.29 19.30 25.71
CAU C.Australia 12.27 11.94 18.54 23.56
SCA S.Central-America 4.28 7.17 12.92 22.29
CAF Central-Africa 3.51 6.69 15.35 21.44
NSA N.South-America 4.60 9.75 15.78 21.09
NAU N.Australia 8.69 12.20 15.43 19.65
SPO S.Pacific-Ocean 7.72 12.85 16.14 19.52
NCA N.Central-America 7.25 10.62 16.15 19.31
MDG Madagascar 6.39 8.21 13.72 19.06
NES N.E.South-America 4.35 7.03 13.37 19.00
SAO S.Atlantic-Ocean 8.04 11.00 13.55 18.58
SAM South-American-Monsoon 4.98 9.03 14.27 18.56
WSAF W.Southern-Africa 8.13 11.05 13.78 18.55
MED Mediterranean 6.27 9.34 15.13 17.96
SAS S.Asia 3.07 5.10 12.04 17.84
ESAF E.Southern-Africa 7.23 9.16 14.23 17.70
SAU S.Australia 4.89 8.94 13.85 17.32
SWS S.W.South-America 6.64 10.07 12.51 16.51
SIO S.Indic-Ocean 5.44 8.67 12.53 15.33
EAU E.Australia 3.99 6.63 11.78 13.90
NWS N.W.South-America 3.45 8.12 9.73 13.43
NAO N.Atlantic-Ocean 5.33 7.74 10.52 12.69
NZ New-Zealand 3.70 5.82 10.11 11.73
SSA S.South-America 2.51 6.10 8.05 11.39
- Global (land) 3.06 4.96 8.25 10.65
SES S.E.South-America 3.21 5.37 7.87 10.48
SEA S.E.Asia 1.95 3.47 7.94 10.40
WCA W.C.Asia 2.96 5.44 8.29 9.87
NEAF N.Eastern-Africa 4.23 7.98 10.86 9.81
CAR Caribbean 2.24 4.84 8.64 9.74
- Global (all) 3.31 5.18 7.54 9.61
EAS E.Asia 1.14 3.10 6.36 8.62
NPO N.Pacific-Ocean 3.10 4.63 7.01 8.56
BOB Bay-of-Bengal 2.09 1.46 4.45 8.12
WCE West&Central-Europe 2.55 3.86 5.78 8.06
SEAF S.Eastern-Africa 1.97 2.60 6.34 7.50
CNA C.North-America 1.70 3.26 4.69 6.82
ARP Arabian-Peninsula 6.40 9.00 11.48 6.76
SOO Southern-Ocean 1.55 2.74 4.64 6.26

Continued on the next page.
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Continued from the previous page.

Abbreviation Region SSP1-2.6 SSP2-4.5 SSP3-7.0 SSP5-8.5
ENA E.North-America 1.59 3.04 4.85 6.22
TIB Tibetan-Plateau 0.95 1.17 3.64 5.99
WNA W.North-America 2.28 2.81 4.57 5.57
EIO Equatorial.Indic-Ocean 1.24 1.51 2.71 5.47
EEU E.Europe 1.74 2.35 3.66 5.28
NEU N.Europe 1.28 2.20 2.59 4.05
EAO Equatorial.Atlantic-Ocean 0.21 0.64 3.70 3.29
RFE Russian-Far-East 0.66 1.01 2.45 3.14
EAN E.Antarctica 1.08 2.43 2.27 2.63
ECA E.C.Asia 0.72 0.12 0.14 2.24
WSB W.Siberia 0.11 -0.16 0.50 1.67
GIC Greenland/Iceland 0.71 0.39 1.19 1.32
WAN W.Antarctica 0.33 0.62 0.96 1.32
NWN N.W.North-America 0.10 -0.08 0.64 1.04
ESB E.Siberia 0.05 0.04 0.43 0.97
NEN N.E.North-America 0.26 0.56 0.91 0.79
ARS Arabian-Sea 2.12 -1.14 -3.46 -5.45
RAR Russian-Arctic -2.08 -3.45 -4.75 -6.04
ARO Arctic-Ocean -2.96 -4.17 -5.70 -6.74
EPO Equatorial.Pacific-Ocean -2.19 -4.33 -8.78 -11.11

emission scenario SSP1-2.6 and high emission scenario SSP5-8.5 global (land and ocean)
daily rainfall extremes will increase by 8.6 % and 23.1 %, respectively, for 1-year events
(Table S4.3) and by 11.9 % and 32.5 % for for 100-year (Table S4.4) events by the end of
this century. Furthermore, regions are not affected equally, Africa and regions around
and just north of the equator particularly will face a disproportionate increase in rare
extreme precipitation hazards. This is notably the case for the higher emission scenar-
ios, and much more than the regions most responsible for greenhouse gas emissions
that often are expected to have a smaller increase than the global mean (Fig. 4.2). There
are also areas in the subtropical Atlantic and South Pacific oceans that show decreas-
ing precipitation extremes in the future. It should be noted that while the larger pat-
terns of rarer extremes increasing relatively more is quite robust, there are also some
regions with model disagreement. For such regions particularly, when compiling fu-
ture extreme rainfall-intensity-frequency curves a more careful selection and weighting
of climate models based on regional observations and advanced bias-correction tech-
niques is advisable.

Here we did not formulate a hypothesis of why we observe this behavior of rare
extremes increasing relative more than common extremes under climate change. Yet,
when looking at the changes in the parameters underlying the MEV-Weibull distribution
(eq. 4.2), the statistics themselves give some indication about the processes (Support-
ing Information Figs. S4.23-S4.25). It should be noted that the behavior could be caused
by either a decrease in the number of wet days N (combined with an increase in the
scale parameter C ) (Schär et al., 2016) or a decrease in the shape parameter W , which
may, for example, be the result of dynamical feedback processes related to latent heat-
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ing (Nie et al., 2018). It appears that both the rainfall frequency (Supporting Information
Fig. S4.23) and dynamical feedback processes (Supporting Information Fig. S4.25) play
a role. This may serve as a starting point for future research to further disentangle the
processes behind this behavior. Regardless of the underlying mechanisms, the results of
this study have important implications for the design of engineering standards as they
are built on the basis of our knowledge of the frequency of precipitation events. If rare
extreme precipitation events become more frequent in the future as suggested here, en-
gineering design standards, such as those used for storm water drainage and other crit-
ical water system infrastructure, will need to be updated. Yet, it should be noted that
bias correction methods ought to take into account the fact that the rarest quantiles of
today’s climate are made up of different processes than the rarest quantiles in a future
climate. Whereas the challenge of accurately predicting future changes in precipitation
has been noted as one of the ’real holes in climate science’ (Schiermeier, 2010), we think
that the fact that the model agreement is so high should give confidence in the robust-
ness of our climate models, and our own findings in particular, making that hole just a
little bit smaller.
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5.1 MAIN FINDINGS
Extreme precipitation characteristics are changing all over the world, both in recent
past and projected future. The global-scale analyses of precipitation extremes revealed
the strong influence of geographical features, such as orography, coastlines, and aridity.
These factors play an important role in shaping the seasonality of extreme precipitation
events and their tail heaviness in different regions around the world. The altered timing,
shifts in seasonality, and projected increase in precipitation extremes pose immense fu-
ture challenges. Many people and sectors will be impacted by this, including rain-fed
agriculture, infrastructure design, and water resource management.

A key and novel finding of this research is that the rarest precipitation extremes are
projected to increase relatively more than common ones by the end of the 21st century.
This increase is expected to be even more pronounced under higher emission scenar-
ios, emphasizing the urgent need for global emission reduction efforts. The research
also shows vast regional differences in the historical and projected changes in extreme
precipitation patterns. Notably, Africa emerges as a critical example of facing dispro-
portionate effects of climate change. Already having experienced a significant increase
in the seasonality and a shift in the timing of precipitation extremes, Africa is also pro-
jected to face the greatest relative increase in future precipitation extremes. It is evident
that certain regions will bear a disproportionately greater burden of these changes and
the ensuing negative impacts.

5.2 IMPLICATIONS
The findings of this dissertation directly allow for the provision of valuable information,
such as extreme precipitation return levels and changes in seasonality. This can support
sectors such as engineering design in areas which traditionally lack adequate input data.
This research has shown it is crucial to acknowledge the influence of extreme value dis-
tribution choices on return level estimates, which can significantly impact design deci-
sions in vulnerable sectors. By using open global-scale datasets, advanced methodology,
and by openly providing our results, including code, this work fosters transparency and
collaboration.

The shift in seasonality and timing of extreme precipitation occurrences, particularly
in Africa, demands proactive measures to mitigate the consequences. Delayed start of
the growing season, coupled with increased clustering of extreme events presents seri-
ous challenges for rain-fed agriculture. These regions may also face increased risks of
floods, landslides, and other weather-related disasters due to shifts in seasonality. Incor-
porating these shifts into critical infrastructure design is vital to enhance resilience and
preparedness for extreme events occurring at different times of the year.

A key contribution to the scientific knowledge is a greater projected relative increase
in rarest precipitation extremes in the future. This study also further strengthens the
consensus that precipitation extremes over land are projected to intensify by the end of
the 21st century. As such, it underscores the importance of considering non-stationarity
in engineering design, especially for critical infrastructure such as dikes and dams, de-
signed to withstand highly rare events occurring once every 500 or 1000 years.

This study also indicates that precipitation extremes are projected to increase even
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more for higher emission scenarios. This emphasizes the urgent need for global efforts
to mitigate greenhouse gas emissions. Implementing effective climate mitigation mea-
sures, such as adopting emission reduction policies and transitioning to renewable en-
ergy sources, is crucial to limit the severity of future extreme precipitation events. Col-
laborative action among governments, scientific communities, international organiza-
tions, and citizens is essential to address the challenges posed by extreme precipitation
events and build a more resilient and sustainable future.

5.3 OUTLOOK
The insights gained from this dissertation provide a strong foundation for future research
endeavors aimed at understanding and predicting precipitation extremes. It also opens
the path for follow-up scientific questions like: What other factors are important for
determining the heaviness of the tail of extreme value distributions? Which physical
processes cause the rarest precipitation extremes to increase relatively more under cli-
mate change? Beyond the scientific advancements, this topic offers opportunities for
cross-disciplinary research and research-to-application. To further advance research
outcomes, the following areas deserve priority and attention.

To enhance our understanding of extreme precipitation, efforts should be directed
towards improving and expanding precipitation datasets. This can involve increasing
the number and quality of gauging stations, refining remotely-sensed precipitation esti-
mates, and enhancing the numerical models and data assimilation techniques used in
reanalysis datasets. Openly sharing precipitation data for research purposes will help
overcome data limitations and ensure more comprehensive coverage, especially in re-
gions with limited historical records.

As we continue to acquire and refine climate data, it is crucial to complement these
efforts with cutting-edge statistical approaches to derive meaningful information. Fu-
ture research should explore innovative statistical techniques and machine learning ap-
proaches to extract even more detailed insights into precipitation extremes. By develop-
ing more sophisticated models that consider additional climate drivers and their inter-
actions, we can further enhance our understanding and prediction of extreme precipita-
tion events. This integrated approach will ensure a comprehensive advancement in our
knowledge of these phenomena.

Climate models play a crucial role in projecting future climate conditions. However,
their coarse spatiotemporal resolutions cannot capture the fine-scale variations in cli-
mate features that occur at smaller geographical areas, such as around the coast, in
mountainous regions and regions with many different land uses. To make climate model
output more locally applicable, downscaling techniques can be used to achieve higher
spatiotemporal resolutions. This could be achieved by applying statistical or machine
learning approaches or using climate model output as boundary conditions for regional
climate models. These fine-scale variations and projections are vital for local climate
adaptation, impact assessment, and resource management.

As climate change continues to shape the dynamics of precipitation extremes, con-
tinuous research will be fundamental to keep pace with the evolving climate. Collabo-
ration between different scientific groups, such as those generating precipitation data,



5

56 5. CONCLUSIONS

climate modeling groups, and scientists performing impact assessments, is crucial for
advancing the field. Interdisciplinary collaborations between scientists and policymak-
ers is essential for effectively translating research findings into policy and practice. In-
tegrating (downscaled) climate model projections into regional and local planning is
needed for fostering climate resilience and ensuring sustainable development in the
face of shifting precipitation patterns. By fostering a ongoing dialogue among scientists,
policymakers, stakeholders, and citizens, we can collectively strive to build a climate-
resilient and sustainable future for generations to come.
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SUMMARY

Improved understanding of historical precipitation extremes is important to better ex-
plain their behavior, predict future occurrences, and inform planning and engineering
design. The intensity, seasonality, and timing of these extremes have far-reaching con-
sequences, and require a comprehensive analysis of both historical trends and projected
future changes. By integrating historical observations, statistical methods, and climate
model projections, this research provides valuable insights into precipitation extremes
on the global domain.

Chapter 2 presents spatiotemporal patterns of historical extreme precipitation re-
turn levels over the global domain. Different extreme value methods are used to estimate
the extreme precipitation return levels and the tail behavior of the associated distribu-
tion. A novel heaviness amplification factor is introduced to enable a comparison of
the heaviness of the tail between different extreme value distributions. This factor indi-
cates whether the tail of the extreme value distribution is heavier or lighter than an expo-
nential one, providing insights into the likelihood of extreme precipitation events. The
analyses reveal interesting regional differences. Arid areas exhibit heavier tails, indicat-
ing a higher likelihood of rare extreme events, while mountainous regions show thinner
tails, suggesting a lower likelihood. Remarkably, the Metastatistical Extreme Value (MEV)
distribution demonstrates spatially coherent tail behavior, even when using short time
series and single grid-cell analyses, without relying on prior information about spatial
precipitation structures. The Generalized Extreme Value distribution and Peak-Over-
Threshold methods, on the other hand, show erratic spatial patterns in the extremes
and tail heaviness. However, they do show a consistent shift from heavy to thin tails with
increasing duration. This study also highlights the impact of using hydrological years
over calendar years, resulting in differences in estimating extremes particularly in the
Southern hemisphere. When using calendar years it is possible for one rainy season,
potentially affected by cyclic phenomena as El Niño, to be split up into two calendar
years. All the results of this study are openly published online as the Global Precipita-
tion EXtremes (GPEX) dataset. This makes global extreme precipitation return levels for
different distributions and their heaviness publicly and readily available for research or
applied use.

Chapter 3 focuses on changes in seasonality and timing of extreme daily precipita-
tion occurrences and reveals interesting geographical patterns. The relative entropy, a
measure of seasonality, indicates higher values, meaning more clustered extremes, on
mountain slopes and land areas compared to mountain peaks and adjacent oceanic re-
gions. Significant shifts in seasonality across different continents were observed in re-
cent decades. Specifically, Sub-Saharan Africa experienced an intensification of its al-
ready highly seasonal occurrence of precipitation extremes in the recent past. In con-
trast, Europe, Australia, and North America demonstrate more evenly spread occurrences,
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but with an increase in clustering. Meanwhile, Asia and South America witnessed shifts
towards more spread-out extremes. Furthermore, the peak occurrence of extreme pre-
cipitation is observed in extra-tropical land regions during summer, with modest shifts
in timing.

Chapter 4 evaluates future changes in precipitation extremes based on climate model
projections. It is revealed that the rarest precipitation extremes are expected to experi-
ence a relatively larger increase in magnitude by the end of the 21st century. There is
striking agreement among 25 climate models regarding this finding, particularly for high
emission scenarios. This study also further confirms a strong scientific consensus in
a future increase in precipitation extremes by showing an overall increase in projected
precipitation extremes over land regions, with higher emission scenarios leading to more
substantial increases. Notably, Sub-Saharan Africa and regions just north of the equator
are expected to face disproportionate increases in the occurrence of the rarest rainfall
extremes. In contrast, regions such as Europe or North America are projected to expe-
rience relatively smaller increases in the magnitude of future extremes. These findings
highlight that the areas most affected by future changes in precipitation extremes are not
necessarily the largest emitters of greenhouse gases, which are the main cause for these
changes.

The findings of this dissertation directly contribute valuable information about ex-
treme precipitation characteristics in the recent past and the projected future. By exam-
ining global-scale patterns, this research offers insights that can be particularly relevant
to regions lacking long-term local rain gauge records. The implications of this research
extend beyond the academic realm, as it provides a foundation for policymakers, stake-
holders, and communities to implement targeted adaptation and mitigation strategies
in the face of changing precipitation patterns.

Looking ahead, researchers should prioritize improving and expanding precipitation
datasets and complementing efforts with cutting-edge statistical approaches to derive
more comprehensive insights into future precipitation extremes. Higher spatiotempo-
ral resolutions achieved through downscaling techniques are essential for local climate
adaptation and impact assessments. The findings of this dissertation emphasize the ur-
gency of global emission reduction efforts and highlight the importance of considering
shifts in extreme precipitation for effective adaptation and societal protection.



SAMENVATTING

Het is belangrijk om een beter inzicht te krijgen in historische neerslagextremen. Dit
is nodig om de huidige patronen beter te begrijpen, toekomstige neerslagextremen te
voorspellen en voor het plannen en ontwerpen van infrastructuur. Veranderingen in de
intensiteit, jaarlijkse gang en timing van neerslagextremen hebben verstrekkende gevol-
gen. Dit vereist een uitgebreide analyse van zowel historische trends als verwachte toe-
komstige veranderingen. Door de integratie van historische waarnemingen, statistische
methoden en projecties van klimaatmodellen biedt dit onderzoek waardevolle inzichten
in neerslagenextremen op mondiaal niveau.

Hoofdstuk 2 presenteert patronen in ruimte en tijd van historische terugkeerniveaus
van extreme neerslag in het mondiale domein. Verschillende methoden zijn gebruikt om
de extreme neerslag terugkeerniveaus en het staartgedrag van de bijbehorende extreme
waarde kansverdeling te schatten. Om de dikte van de staart van de verschillende kans-
verdelingen te vergelijken, hebben we een “heaviness amplification factor” ingevoerd.
Deze factor geeft aan of de staart van de extreme-waarden kansverdeling dikker of dun-
ner is dan een exponentiële verdeling, wat inzicht geeft in de waarschijnlijkheid van ex-
treme neerslaggebeurtenissen. De analyses brengen interessante regionale verschillen
aan het licht. Aride gebieden vertonen dikkere staarten, wat duidt op een hogere waar-
schijnlijkheid van zeldzame extreme gebeurtenissen, terwijl bergachtige gebieden dun-
nere staarten vertonen, wat duidt op een lagere waarschijnlijkheid. Opmerkelijk is dat
de Metastatistical Extreme Value (MEV) kansverdeling ruimtelijk coherent staartgedrag
laat zien, zelfs bij gebruik van korte tijdreeksen en door analyses voor iedere rastercel af-
zonderlijk, zonder gebruik te maken van informatie over ruimtelijke neerslagstructuren.
De Generalized Extreme Value (GEV) kansverdeling en de Peak-Over-Threshold (POT)-
methode tonen daarentegen onsamenhangende ruimtelijke patronen in de extremen en
dikte van de staart. Ze laten echter wel een consistente verschuiving zien van dikke naar
dunne staarten met toenemende duur. Deze studie benadrukt ook de impact van het ge-
bruik van hydrologische jaren ten opzichte van kalenderjaren, wat resulteert in verschil-
len in de geschatte extremen met name op het zuidelijk halfrond. Bij het gebruik van
kalenderjaren is het mogelijk dat één regenseizoen, dat eventueel wordt beïnvloed door
cyclische fenomenen als El Niño, wordt opgesplitst in twee kalenderjaren. De resultaten
van dit onderzoek zijn openlijk online gepubliceerd als de Global Precipitation EXtremes
(GPEX) dataset. Dit maakt de wereldwijde terugkeerniveaus van extreme neerslag voor
verschillende kansverdelingen en de dikte van de staart van de verdelingen openbaar en
gemakkelijk beschikbaar voor onderzoek of toegepast gebruik.

Hoofdstuk 3 richt zich op veranderingen in de jaarlijkse gang en timing van extreme
dagelijkse neerslaggebeurtenissen en onthult interessante geografische patronen. De re-
latieve entropie geeft de mate van jaarlijkse gang aan. Hogere relatieve entropy waarden
betekenen een hogere mate van concentratie in neerslaggebeurtenissen. De relatieve
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entropie laat hogere waarden zien op berghellingen en landgebieden in vergelijking met
bergtoppen en aangrenzende gebieden boven zee en oceaan. In de afgelopen decen-
nia werden significante verschuivingen in jaarlijkse gang op verschillende continenten
waargenomen. Met name in Afrika bezuiden de Sahara was er in het recente verleden
sprake van een intensivering van het toch al sterk seizoensgebonden voorkomen van
neerslagextremen. Europa, Australië en Noord-Amerika lieten daarentegen meer gelijk-
matig verspreide neerslaggebeurtenissen zien, maar met een lichte toename in cluste-
ring. In Azië en Zuid-Amerika was er een verschuiving naar meer gespreide extremen.
Verder wordt de piek van extreme neerslag in extra-tropische landgebieden tijdens de
zomer waargenomen, met lichte verschuivingen in timing.

Hoofdstuk 4 evalueert toekomstige veranderingen in neerslagextremen op basis van
projecties van klimaatmodellen. Hieruit blijkt dat de uitzonderlijke neerslagextremen
tegen het einde van de 21e eeuw naar verwachting relatief sterker zullen toenemen. Er
is opvallende overeenstemming tussen 25 klimaatmodellen over deze bevinding, met
name voor klimaatscenario’s met hoge broeikasgasemissies. Deze studie bevestigt ook
een sterke wetenschappelijke consensus over een toekomstige toename van neerslagex-
tremen door het aantonen van een algehele toename van de voorspelde neerslagextre-
men over landregio’s, waarbij hogere emissiescenario’s tot grotere toenames leiden. Met
name Afrika en regio’s net ten noorden van de evenaar zullen naar verwachting te maken
krijgen met een onevenredige toename van de uitzonderlijke neerslagextremen. Daar-
entegen zullen regio’s zoals Europa of Noord-Amerika naar verwachting een relatief klei-
nere toename in de omvang van toekomstige extremen ervaren. Deze bevindingen laten
zien dat de gebieden die het meest worden getroffen door toekomstige veranderingen in
neerslagextremen niet noodzakelijkerwijs de grootste uitstoters van broeikasgassen zijn,
die de hoofdoorzaak van deze veranderingen zijn.

De bevindingen van dit proefschrift dragen direct bij aan waardevolle informatie over
extreme neerslag in het recente verleden en de verwachte toekomst. Door ruimtelijke
patronen op wereldschaal te onderzoeken, biedt dit onderzoek inzichten die in het bij-
zonder relevant kunnen zijn voor regio’s die niet beschikken over lange-termijn lokale
neerslagtijdsreeksen. De implicaties van dit onderzoek reiken dan ook verder dan het
academische domein, aangezien de verkregen inzichten als basis kunnen dienen voor
beleidsmakers, belanghebbenden en gemeenschappen om gerichte adaptatie- en miti-
gatiestrategieën te implementeren in het licht van veranderende neerslagpatronen.

In de toekomst zouden onderzoekers prioriteit moeten geven aan het verbeteren en
uitbreiden van neerslagdatasets en dit aanvullen met geavanceerde statistische metho-
des, om zo meer uitgebreide inzichten te verkrijgen in toekomstige neerslagextremen.
Hogere resoluties in zowel ruimtelijke als tijdsschaal kunnen worden bereikt door regi-
onaliseringtechnieken (downscaling techniques), die essentieel zijn voor lokale klimaat-
adaptatie en effectrapportages. De bevindingen van dit proefschrift benadrukken de ur-
gentie van wereldwijde emissiereductie-inspanningen en het belang van rekening hou-
den met verschuivingen in extreme neerslag voor effectieve adaptatie en maatschappe-
lijke veiligheid.
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