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Abstract

Rare precipitation extremes are projected to increase relatively more than common extremes under fu-
ture climate change. However, it is unconfirmed whether these projected differences in relative change
are observable in historical precipitation data. Therefore, this study investigated whether rare precip-
itation extremes have changed differently from more common ones during the period 1951 to 2010,
in Western Europe. The differences in change between rare and common extremes (Drare-common)
and its correlation with temperature is analysed, using daily temperature and precipitation data. The
Drare-common Values are calculated based on the relative change of a specific return level estimated by
three methods: the Full series, the Generalized Extreme Value (GEV) and the Metastatistical Extreme
Value (MEV) distribution. A correlation with daily temperature is obtained by analysing first all day tem-
peratures and compare these with the pattern in the Drare-common Values. Secondly, the temperatures
at the days of the annual extremes is analysed.

The results indicate that, on average for Western Europe, historical precipitation extremes have
increased in magnitude by 3.0 up to 5.4%, depending on the method. Regional variations are present
in Western Europe, showing negative relative changes for the most southern regions. A Diare-common
for Western Europe equal to 1.0 and 2.3%pt is obtained, for respectively the MEV and GEV method,
indicating that the rarest precipitation extremes have increased more in magnitude compared to the
common extremes. However, a comparison of extremes based on the time series length using the Full
series indicated no difference in relative changes for return levels of 0.1 and 10 years. A statistically
significant correlation between the Diare-common @nd temperature is obtained between the results of
the GEV and Tmax and MEV method and Tmin. This correlations suggests observing a relative high
Drare-common Value in a region in which the change in maximum temperature is low and the change in
the minimum temperature is high, depending on the method used. Analysing the temperatures during
annual extremes showed an increase in both the minimum and maximum temperature on the days of
the annual extremes, despite a shift from warmer to colder months in which annual extremes occur.
When dividing the annual extremes into common and rare, it was concluded that a higher increase in
temperature is observed during common annual extremes compared to the rare annual extremes.

It is recommended to analyse this phenomenon in more recent years. To understand the beha-
viour of precipitation extremes in greater depth, other driving factors causing precipitation to become
extreme could be studied. Examples of these driving factors include atmospheric water vapor and the
temperature in regions where precipitation is generated.
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Introduction

1.1. Motivation

Precipitation is the most crucial water source for sustaining life on Earth in many regions worldwide.
While a certain amount of precipitation is necessary for life, excessive amounts can lead to societal
issues, such as flooding and landslides (Nikolopoulos et al., 2015; Tradowsky et al., 2023). For this
reason, high return levels of extreme precipitation act as design criteria for hydraulic infrastructures
or the control of extreme floods. To obtain values for these high return levels, a good understanding
of the behaviour of historical precipitation extremes is required. Therefore, several previous studies
focused on the long-term changes in these extremes. These studies observed increases in extreme
precipitation, for both the more common and rare extremes (Alexander, 2016; Groisman et al., 2005;
Min et al., 2011; Sun et al., 2021). Recent climate models predict an increase in precipitation extremes
in the coming centuries, due to global warming (Myhre et al., 2019). Accurate estimates of the evolution
of the precipitation extremes in the future are crucial for disaster risk understanding and management.
As stated before, the increase in extreme precipitation is often studied for two different types of ex-
tremes: common and rare. Common extremes can be expressed in terms of return periods, often
within a year (Borodina et al., 2017; Sun et al., 2021), or in percentile-based threshold values, ranging
higher than the 90th percentile up to the 99.9th (Fischer & Knutti, 2016; Mishra & Singh, 2010). These
studies indicate an increase in the magnitude of common extremes. Rare extremes are defined in
relation to design boundaries for infrastructure or flood management (Tradowsky et al., 2023), often
spanning multidecadal time periods (Chan et al., 2018; Hodnebrog et al., 2019).

To predict future occurrences of extreme precipitation events, a good understanding of the long-term
patterns of historical precipitation extremes is crucial. To analyse rare extreme precipitation events
(return periods > 100 years), due to limited availability in recorded data, statistical methods are applied
to infer extremes that have not been observed yet in the data. The extreme precipitation is described
by the tail behaviour of the distribution, which is the upper part of a probability distribution. A heavy
tail represents more frequent larger magnitude precipitation events compared to the lighter tails. A
wrong choice of the tail distribution can lead to incorrect predictions of rainfall for large return periods
(Papalexiou et al., 2013). As design criteria are often based on rare extreme precipitation predictions,
a good understanding of the performance of extreme value analysis is crucial.

1.2. Previous studies

While many studies have indicated that precipitation extremes will increase, recent research has also
demonstrated variability in the relative increase of extreme precipitation. Griindemann et al. (2022)
showed that the rarest precipitation extremes are projected to experience a greater relative increase
in magnitude compared to common ones. By the end of this century, daily land precipitation extremes
could experience magnitude increases ranging from 10.5% to 28.2% for annual events and between
13.5% and 38.3% for centennial events, respectively for low and high emission scenarios (see Figure
1.1). This research compared two 30-year periods (1971-2000 and 2071-2100) based on historical
data and predictions based on 25 CMIP6 (Coupled Model Intercomparison Project Phase 6) models.
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Notably, Africa and regions around and just north of the equator are anticipated to experience dispropor-
tionately higher occurrences of the rarest rainfall extremes. Although the underlying mechanism for this
phenomenon remains unclear, the findings of Grindemann et al. (2022) have significant implications
for the establishment of engineering standards.
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Figure 1.1: Result study by Griindemann et al.(2022) on relative increase of rare extreme rainfall events under future climate
change. The figure indicates global relative change of precipitation extremes for each individual climate model. Each plot
represents a different climate scenario. The blue, orange and green line indicates the 1, 10 and 100 year return levels,
respectively.

The results of Griindemann et al. (2022) regarding these relative increases in extreme precipitation,
based on models for future climate scenarios, show the expected behaviour of global precipitation
extremes. However, as these expectations are based on climate models, it is not confirmed that these
differences in relative change are also observable in historical precipitation data. Previous studies
have shown the increase in both common and rare precipitation extremes. However, there are fewer
studies on the differences between 'common’ and ’'rare’ extremes for futures scenarios (Aalbers et
al., 2018; Grindemann et al., 2022; Li et al., 2021; O’'Gorman & Schneider, 2009; Pendergrass &
Hartmann, 2014). While some of these studies combine historical data with climate-based predictions,
the observed trend is not analysed based on historical data. Further knowledge about these patterns
in historical data can confirm the conclusions drawn by Grindemann et al. (2022) and can indicate
whether the obtained change in extreme precipitation has already started or if it is solely predicted by
climate models.
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1.3. Research question

This study will extend the research on future precipitation extremes by analysing historical data to con-
firm if rare precipitation extremes have been increasing more than the common ones. For this study,
the following research question is defined:

What are the differences in the relative changes between the magnitude of common and rare precip-
itation extremes for historical daily observations in Western Europe over the period 1951 to 2010 and
can these be associated with changes in daily temperature?

The data used in this research are precipitation and temperature observations from six countries in
Western Europe: The Netherlands, Germany, France, Sweden, Norway, and Spain. Within the time
frame of 1951 to 2010, two periods of 30 years are be selected for comparison. The analysed data

covers a 1-day time scale.
The main question can be divided in the following sub-questions, which are also visualised in Figure

1.2:

1. What are the relative changes in common and rare precipitation extremes in the periods 1951-
1980 and 1981-2010?

2. How do the relative changes in precipitation extremes behave with respect to each other for both
common and rare extremes in the periods 1951-1980 and 1981-2010?

3. What is the behaviour of daily temperatures in Western Europe within the period 1951 to 2010,
and can this be associated with the difference in relative change in precipitation extremes?

Question 1

Pre-processing data
Estimate relative Question 2
change common
extreme ; .
Difference in
relative \
I changes
~——»/ Precipitation Question 3
Estimate relative
Daily data from 4 Division d@la J change rare extreme CaiakiEn
observation [ ) el difference in
stations (1951-1980 and change and

1981-2010) temperature

(1951-2010)

Minimum and
maximum
temperature

™ Change in temperature

Figure 1.2: Flowchart of research questions. The three sub-questions are indicated as well as the pre-processing of the data.

1.4. Report structure

In this report, Chapter 2 describes the theoretical framework regarding precipitation and temperature
data, as well as background information on extreme values analysis. The third chapter outlines the
materials and methods used to address the research question. Chapter 4 presents the results of the
analysis, while the discussion of these results can be found in Chapter 5. The final part of this report
contains the concluding remarks by addressing the main research question in Chapter 6.



Theoretical Framework

2.1. Historical precipitation data

Analysing historical precipitation data requires an understanding of the quality and quantity of the col-
lected data. While nowadays a lot of sources are available for precipitation data, such as radar data
collected by satellites, the main ground-based source for historical rainfall data is the use of rain gauges.
Many rain gauges are located in Europe and the US, which show the highly heterogeneous distribution
of precipitation data. A substantial percentage of worldwide land is not covered by local precipitation
data collection (Kidd et al., 2017). While around 150,000 rain gauges exist, they have not been operat-
ing very continuously and simultaneously (New et al., 2001). Despite the quality of the collected data
by rain gauges is quite accurate at a certain locations, it does not show a high spatial coverage in many
regions. The advantage of gauge measurements is that at certain locations long records are available
compared to satellite measurements, which have data for a maximum of 25 years (New et al., 2001).

2.2. Development Extreme Value Analysis methods

In the last century the first methods for extreme value analysis were developed. To extrapolate ob-
servation data, statistical methods were introduced, starting with the Gumbel distribution. Compared
to the Gumbel distribution, the later developed Generalized Extreme Value (GEV) was fitted to block
maxima and it uses an additional parameter for more flexibility (Hosking & Wallis, 1993). This extra
parameter enables the GEV to account for different tail behaviours, which is useful for accurate extreme
precipitation predictions. While many other extreme value theories (EVT) are developed that only uses
on a small fraction of the available observations, the recently developed Metastatistical Extreme Value
distribution (MEV) accounts for the full ‘ordinary’ underlying events, using all observations above a cer-
tain threshold to predict the parameters. Therefore, the MEV is able to estimate higher return periods
outside the period of recording with a lower uncertainty than traditional methods in EVT (Zorzetto et al.,
2016). The drawback of this method is the bad estimation of low return periods with respect to the time
series length.

2.3. Evolution of precipitation extremes

Precipitation extremes are increasing in more areas globally than they are decreasing (Donat et al.,
2013). As stated in paragraph 2.1, there is limited availability of precipitation data for long time series
globally. Despite this limiting factor, numerous studies have analysed the behaviour of extreme pre-
cipitation events (Alexander, 2016; Donat et al., 2016; Groisman et al., 2005; Min et al., 2011). While
these studies differ in the dataset used, applied methods, or definition of extreme precipitation, they all
conclude that there are more increases in extreme precipitation than decreases globally. The study by
Min et al. (2011) concluded that approximately 65% of the globe has positive trends for annual max-
imum daily precipitation. The study indicate that on a global or continental scale, extreme precipitation
events have been increasing in both frequency and intensity.
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2.4. Trends in temperature

Global temperature patterns show consistent warming trends over the past century, particularly in the
last few decades. The greatest increase in temperature is observed during the colder months (Donat
et al., 2013). The most significant warming trends in temperature are those calculated based on daily
minimum temperature. There is a reduction in the number of cold days and an increased frequency of
warm days. This trend in temperature increase is more pronounced over the period 1951-2010 com-
pared to 1901-2010 (Donat et al., 2013). The IPCC (2023) presented the change in global temperature
over the period 1850-2020, clearly indicating an increase in the average global surface temperature
(see Figure 2.1).

observed

simulated
human &
natural

f |
1850 1900 1930 2000 2020

Figure 2.1: The change in global surface temperature from the IPCC. The observed (black line) and simulated (blue and
orange) temperature change between 1850 and 2020 is visualised (Intergovernmental Panel On Climate Change, 2023).

As this research focuses on precipitation and temperature patterns for countries in Western Europe, it
is relevant to analyse the warming trends in Europe rather than global temperature. The study by Twar-
dosz et al. (2021) examined temperature trends based on data from 210 weather stations within the
period 1951-2020, coinciding with the time frame of this research. The analysis revealed a continuous
increase in air temperature, with a linear trend observed since 1985 (see Figure 2.2). During the period
1951-1985, the temperature trend remained relatively constant. The increase since 1985 is evident
in all seasons except for autumn. The most significant intensification is observed in the northeast of
Europe, particularly during winter and spring, while the highest increases during summer are observed
in the southwest.

Several studies have examined the relationship between temperature increase and precipitation ex-
tremes. Fischer and Knutti (2015) found that with a global warming of 0.85°C, approximately 18% of
daily precipitation events can be attributed to the observed temperature increase relative to the pre-
industrial era. They also showed that with an expected temperature increase of 2.0°C, the fraction of
precipitation extremes rises to 40%, indicating a strong relationship between extreme precipitation and
temperature increase, particularly for the most rare extremes. Additionally, models project more heavy
precipitation in response to increasing global temperatures (Fischer & Knutti, 2015). For a temperature
increase of 2.0°C, the probability of the most extreme events increases by a factor of 1.5 to 3.0. The
study by Westra et al. (2013) investigated the trends in annual maximum daily precipitation and their
association with globally averaged near-surface temperature. The study concluded that there is a stat-
istically significant association with global temperature, at a rate ranging between 5.9% and 7.7% per
Kelvin, depending on the method used.

Numerous studies assume changes in extreme precipitation are constrained by the amount of precip-
itable water in the atmosphere, which is affected by changing water vapor content. The relationship
between water vapor content and temperature changes is explained by the Clausius-Clapeyron relation,
which states that an increase of 1°C leads to a 7% change in daily precipitation extremes. Previous
studies also conclude that the heaviest precipitation events will occur when the maximum moisture
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content is fully precipitated out. The study by Pall et al. (2007) found the greatest agreement with the
Clausius-Clapeyron relation at the mid-latitudes.

0.025 0,030, 0,085M0N BN IoMON50. 0055 0.060 0.065 0.070 0075 0080

Figure 2.2: The observed annual air temperature trends (°C/year) in Europe over the time span 1951-2010 (left) and
1985-2010 (right), studied by Twardosz et al. (2021).

Grindemann et al.(2022) analysed differences in relative changes for extreme precipitation events
based on four climate scenarios. The associated global temperature increases are visualised in Figure
2.3. This figure shows the relative change in global surface air temperature relative to an average of two
periods for five different climate scenarios. The values presented in Figure 1.1 should be interpreted
based on the corresponding global temperature increase related to each climate scenario.
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Figure 2.3: Global surface air temperature changes relative to the 1995-2014 average (left axis) and relative to the 1850-1900
average for five different climate scenarios. Black lines indicates the observed historical temperature. (Intergovernmental
Panel On Climate Change (Ipcc), 2023)



Methodology

3.1. Data sets

To unravel the differences in relative changes in extreme precipitation in Western Europe, precipitation
and temperature data is collected from six different countries: Germany, France, Sweden, Norway,
Spain, and The Netherlands (Figure 3.1, dark grey countries). These countries cover the whole lat-
itude range of Western Europe. Stations located outside the European continent are removed, as
several countries have observation stations in overseas territories that are not relevant for the analysis
of Western Europe.

For this study, precipitation and temperature data are sourced from weather observation stations. Pre-
cipitation data is represented by the accumulated precipitation over a 24-hour period. Temperature
data includes the daily minimum and maximum temperature measured in °Celsius. The data used in
this study is directly measured by equipment at the observation stations; no satellite or modeled data
is used.

To minimise uncertainty arising from data quantity, particularly for studying extreme precipitation events,
a minimum number of observation station datasets per country in Western Europe is required. Precip-
itation data from a country is included if the average area covered by a station is no larger than 15,500
km? on average, as this approximates the minimum number of stations necessary to obtain an areal-
averaged precipitation value (Xie & Arkin, 1995). Additionally, to account for snow, snow depth data
are collected from each station, in case this is not already included in the precipitation data. Appendix
A provides a description of all data per country.

3.2. Pre-processing observation data

As observation data from meteorological stations can include missing or incorrect data, a quantity and
quality step is implemented. First, in the pre-processing step the precipitation data is checked. It is
verified whether both rainfall and snow data are available for each station. Secondly, the availability of
data for at least 60 years, starting from 1951, is confirmed, as two periods of 30 years are analysed
in this study. If 60 years of data is available for a station, the dataset is examined for the amount of
missing data within this time frame. To maintain statistical significance, a maximum of 10% missing data
is permitted (Papalexiou & Koutsoyiannis, 2013; Zhai et al., 2005). After the quantity checks, the data
undergoes quality assessment. Negative values are discarded since they are physically impossible.
Subsequently, outliers are identified and removed based on a criterion of the mean plus 20 times the
standard deviation, to eliminate unrealistic values.

Temperature data are not available on all locations with precipitation data (Table 3.1) in Western Europe.
Nevertheless, to study the general association between difference in relative change in precipitation
extremes and temperature in the same area, all temperature observation data is used from the same
six Western European countries. The temperature data is checked on its availability to confirm data is
available between 1951-2010, with a maximum of missing data of 10%. Missing values in the remaining
data are filled by linear interpolation.

After applying all data quantity and quality checks, the number of observation stations available is
shown in Figure 3.1. From the 18089 stations with precipitation data a number of 1858 is selected. For

7



3.3. Data processing

temperature data 323 from the 13069 stations are used in this study. To provide an indication of the
density, the number of stations is compared to the area of the corresponding country (see Table 3.1).

Table 3.1: Overview data availability after quantity and quality control. The second column contains the source of the data for
each country. Per country the number of stations with precipitation and temperature data is given, with the density of these
stations with respect to the total area of the country. The last row contains the total number of precipitation and temperature

datasets.
Country Source \ stations P P (km?/station) \ stations T T (km?/station)
Netherlands KNMI 226 185 4 10463
Germany DWD 855 418 145 2465
France Météo-France | 574 961 84 6341
Sweden SMHI 108 4169 31 14525
Norway MET 62 6213 27 13757
Spain Aemet 33 15334 32 15813
Total \ 1858 323
- Precipitation Stations
704 - Temperature Stations
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Figure 3.1: Geographical visualization of all observation stations used in this study after quantity and quality analysis. Blue
dots indicate station with precipitation data. Red dots indicate an available station with temperature data. The dark grey

3.3. Data processing

Two periods of 30 years are extracted from the datasets that are chosen for comparison of relative
changes in extremes (Figure 3.2). A 30-year time frame is selected, as it is the minimum standard
for analysing climate changes (Aalbers et al., 2018; Arguez & Vose, 2011; Kendon et al., 2018). The
period spans from 01-01-1951 to 31-12-2010, providing 60 years of data. Within this time frame, two
periods are selected for relative comparison (see Figure 3.4). The first period, period 1, covers 01-01-
1951 to 31-12-1980. The second period spans the next 30 years, from 01-01-1981 to 31-12-2010. To
account for snow, precipitation that falls in solid form is added to the precipitation data as its melting

countries are included in this study.



3.3. Data processing

water equivalent. This adjustment is made only if snow data is not already included in the precipitation
records. As a guideline, snow is recalculated using the rule ’1 cm of snow equals 1 mm of precipitation’
(Christensen, 2020).
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Figure 3.2: Example of time series of precipitation data from an observation station, spanning from 1951 to 2010. The blue line
indicates all observed precipitation events. The time series is divided into two periods: 1951-1980 and 1981-2010, visualized
by the red and blue segments, respectively. The red dots represent the annual maxima, which are the most extreme events of

each calendar year.

3.3.1. Weighing factor

To account for the non-uniform data availability,to give all observation stations equal weight according
to their surrounding area, the Thiessen method is applied (Han & Bray, 2006), which divides an area
into parts according to defined points. Each point is assigned to an area that encompasses all other
points closest to it (Figure 3.3). The weight assigned to each station is determined by the area of its
corresponding Thiessen polygon, relative to the total area of all six countries. To visualise the data and
to obtain the Thiessen polygons, shapefiles from Eurostat are used. These shapefiles have a scale
of 1:3 - 10% and are based on the most recent data from 2020, downloaded in the coordinate system
CRS:4326 (‘Countries - GISCO - Eurostat’, n.d.). The weighted mean of a parameter is obtain as

follows:

Ywx
average — o 3.1
w g Sw ( )
where w is the fraction of the total area of the countries and x the parameter being weighted. Weighting
is applied solely for averaging all stations, not per country. Therefore, by using the weighted average,
the mean value of all stations is relative to the corresponding area in Western Europe.
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Figure 3.3: Visualization of the Thiessen polygons in central Western Europe for precipitation observation stations. Black dots
represents observation stations. The weighing factor is based on the size of the polygon.
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3.4. Extreme Value Analysis

In this research, the focus lies on analysing the relative change in extreme precipitation. Previous stud-
ies, as mentioned in Chapter 1, indicated that the rarest precipitation extremes are projected to increase
relatively more in magnitude than common extremes by the end of the 21st century. The rare extremes
in this study are calculated using the MEV and compared to the common extreme calculated using
all-day percentiles. To achieve a direct comparison with this previous study, the same methodology is
adopted as a starting point (see Figure 3.4, green and orange box).

To study the phenomenon of relative changes in precipitation extremes more comprehensively, dif-
ferent approaches are employed in this research. While the focus is on studying the relative changes
using T100 and T1 values, the principle that rarer precipitation extremes increase relatively more than
common ones can be applied to other return periods. Therefore the relative changes are calculated for
the range of 0.1 up to 1000 return level', to understand to behaviour of all extremes.

In this study, three different methods are utilised. The reason for employing multiple methods is
that the values obtained using extreme value analysis can be influenced by the method itself, poten-
tially leading to under- or overfitting. By applying different methods, the impact of a specific method
can be understood, which is particularly useful for future studies in this field. All methods are applied
separately for each station, after which the results are averaged for Western Europe. The average
difference in relative change is also visualised per latitude or grid cell. For all methods the common
extremes are estimated by using the Full series frequency analysis, as this is the most accurate method
to calculate return levels lower then the time series length, as extreme value distributions are designed
for estimating return levels greater than the length of the time series. The rare extremes are estimated
using the Full series, GEV and MEV (Figure 3.4).

Relative change in
precipitation extremes

1

Common Rare
extreme extreme

Frequncy analysis

f | |
Freguency analysis EVA method EVA method

l

Figure 3.4: Flowchart of the different Extreme Value Analyses. The common extreme is estimated by the Full series frequency
analysis. The rare extremes are estimated in three different ways: the Full series, GEV and MEV. The type of input data for
each analysis is presented between the brackets

3.4.1. Full series frequency analysis

To analyse relative changes in return periods for the time series, a frequency analysis is employed
(Figure 3.4, green boxes). This method relates the magnitude of precipitation extremes to probabilities
of occurrence. It calculates return periods up to the length of the time series, which in this case is 30
years for both periods. The frequency analysis utilises the time series of daily observations, and as a
first step, the precipitation data is ranked in descending order. The corresponding rate of exceedance
is then calculated as follows:

p= N (3.2)

"Depending on the method used. Full series ranges from 0.1 to 30 year. GEV and MEV are calculated from 0.1 to 1000
years.
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where i is the ranking of the descending precipitation value and N the number of observations in the
time series. The corresponding return period is calculated by:

11

(3.3)

Treturn =
D Npyr

with p being the probability of exceedance and n,,, the average number of observations per year
(365.25) to recalculate the values from daily to yearly return periods. The Full series directly uses all
precipitation data and therefore it is the most accurate method to obtain return levels up to 30 years.

3.4.2. Generalized Extreme Value (GEV) distribution

An extreme value distribution to estimate the high return levels is the widely used Generalized Extreme
Value (GEV) distribution (see Figure 3.4, blue box). Extreme Value Analyses (EVA) enables the calcu-
lation of return values for return periods higher than the length of the time series. The GEV distribution
can take the form of a Weibull, Frechet, or Gumbel distribution, which adds flexibility compared to us-
ing only one type of distribution (Coles, 2001). The parameters of the GEV distribution are fitted to the
data using the L-moments approach. The GEV is applied to the available precipitation data, using the
annual maxima of each year. The cumulative distribution function (CDF) is given by:

Z— M _1/5 H
G(Z):{exp [— (1+&=4) ] if&£0 (3.4)

exp [—exp (—=£)] iféE=0

with 1 being to the location parameter, o the scale parameter, and ¢ the shape parameter. The annual
maxima, i.e. the maximum value of each year, is used to fit the parameters. The behaviour of the
tail of the distribution is described by the shape parameter. A positive ¢ corresponds to the Fréchet
distribution with a heavy tail, a £ equal to zero refers to the Gumbel distribution, which is characterised
by a light tail and a negative value of £ corresponds with the reversed Weibull distribution, which has
an upper limit in the tail.

3.4.3. Metastatistical Extreme Value (MEV) distribution

The second method used, to calculate return levels outside the range of the time series length, is the
MEV distribution (Figure 3.4, orange box). This is the same method as applied in previous studies as
mentioned before. The MEV method takes into account the full distribution of the underlying ’ordinary
daily’ events. It has been shown to outperform the GEV distribution when estimating return periods
larger than the sample size, reducing uncertainty for the rarest extremes (Schellander et al., 2019;
Zorzetto et al., 2016). The MEV considers the random process of event occurrence and the potentially
changing probability distribution of event magnitudes across different blocks of time. The input data
for this analysis includes all events above a threshold value of 1 mm/day, which are considered wet
days. These events are treated as Weibull right-tail equivalents (Wilson & Toumi, 2005). The Weibull
parameters used in the MEV method are estimated for each year based on all selected wet events
using the probability weighted moments method (PWM), which assigns greater weight to the tail of the
distribution (Greenwood et al., 1979). The cumulative distribution function is then formulated as the
MEV-Weibull distribution:

M .
Cnlx) = — Y [L—e & (3.5)

Jj=1

where M is the total number of years and j is the year in range j = 1,2,..,M. The variable x represents the
input data. The C; > 0 is the Weibull scale parameter, w; > 0 is the Weibull shape parameter and n;
is the number of wet events observed in the year j. The used Python script is described in the package
‘mevpy’ (Zorzetto, 2023).

To obtain return levels, the MEV method utilises a starting guess z for the numerical solution. As this
starting guess varies for each station, an algorithm is included to apply different z, values based on
the Annual Maxima Series (AMS).
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3.5. Relative changes in magnitudes of the extremes

By estimating the return levels using the different methods for the two periods, the difference in relative
change can be calculated for each station. This comparison involves two main steps: comparing
two periods of 30 years to obtain values for the relative change in extreme precipitation events and
comparing differences in values corresponding to two return levels, i.e. rare and common (see Figure
3.4).

The functions used to describe the relative change is:

T'tperiod2 — Ttperi
Crel,t _ peno;Z period1 (3.6)
tpeﬂod1

where Cig t is the relative change for a return period T between two periods of 30 years, where period
1 equals a time frame of 30 years which is compared to period 2 which equals another 30-years period
later then period 1 (Grindemann et al., 2022).

The equation to calculate the difference in relative change between common and rare extremes in
percent points is described as follows:

Drare-common,x = C’rel,rare - C(rel,common (3-7)

For which the Ciel rare @and Crel.common are the relative changes, calculated with eq. (3.6), of respectively
the rare and common extreme return level in percents for an observation station location and x is the
method used. The D-value indicates the difference in these relative changes for the station location.
A positive D-value states that the rare precipitation events have seen a greater relative increase in
magnitude compared to more common precipitation events. The mentioned analysis is illustrated in
Figure 3.5.

Station data time series
1951-2010

1

Period 1
1951-1980

Period 2
1981-2010

[ rare extreme (mm) ] [ common extreme (mm) ] [ rare extreme (mm) J [ common extreme (mm) ]
|
J
Crelrare (%) Crel,common (%)

Drare-common
(%pt)

Figure 3.5: Flowchart of the method to obtain the difference in relative change between common and rare extreme
precipitation return levels.

A graphical visualisation of the process for obtaining the difference in relative change, as previously
explained, is provided in Figure 3.6. The graph displays two extreme value distributions: one for the
period 1951-1980 (red line) and another for the period 1981-2010 (blue line). These distributions are
based on parameters obtained from the input data through the extreme value method. On the x-axis,
the return level is shown, ranging from 0.1 to 1000 years, while the y-axis represents the corresponding
precipitation value. Both distributions estimate the values for all presented return levels, extrapolating
the data beyond 30 years. The change in a specific return level, for example, the 1-year and 100-year
return levels, is indicated by two black arrows. The difference in the estimation of the return values is an
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indication of the relative increases Crejrare @nd Crelcommon- If the relative change indicated by the right-
side arrow is larger compared to the relative change indicated by the left-side arrow, the Dare-common x iS
positive. The Drare-common x, @s defined in Equation 3.7, is obtained by subtracting the relative change of
the left-side arrow from the right-side arrow. This method of calculating Cyej @and Drare-common x IS applied
to each individual station using each of the three aforementioned methods.
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Figure 3.6: Graphical representation of the procedure for calculating the relative change Cig| rare @nd Crel,common- The red line
is the distribution fit for the first period (1951-1980) and the blue line represents the distribution fit for the second period
(1981-2010). The range of return levels is from 0.1 to 1000 years. The two black arrows indicate the difference for both the
common return level (T1) and the rare return level (T100). This difference, relative to the value of the first period, equals the
Cre) values. If the relative change of the right-side arrow is larger compared to the relative change of the left-side arrow, the
Drare-common,x is positive. The distributions shown in this example are based on the GEV.

While in this study more than one rare and common extreme is calculated to obtain a complete overview
of the underlying difference between return levels, one single D-value is calculated for each station as
an average for whole Western Europe. Table 3.2 provides an overview of what is defined as common
and rare extremes for each type of analysis to calculate the final D-value. To obtain a comparison
between rare and common extremes based on the Full series frequency analysis, two other extremes
are defined as is done for the GEV and MEV, for which the common extreme is defined as T0.1 and
the rare extreme as T10.

Table 3.2: Definition of common and rare extreme for each method to calculate the Drare-common,x- The Drare-common,x
presented in the results per method are based on these common and rare extremes.

Method common extreme rare extreme
Full T0.1 T10

GEV T1 (Full) T100

MEV T1 (Full) T100

The difference in relative change is first calculated for each station separately. To further analyse the
patterns in these results, the D-value is averaged on different scales, ending with a single D-value per
method for Western Europe. D-values are calculated in the latitude direction, averaging the D-values
of all stations for a moving window of 4 degrees latitude and per 2x2 grid cell.

To obtain a single D-value for Western Europe an weighted-average is taken of all stations. To address
the sensitivity due to outliers in these values, bootstrapping is applied to calculate the D-values for
each method using sampling with replacement. From the D-values for each stations random sampling
is applied with sampling size equal to the degrees of freedom, which is equal to sample size minus 1.
After sampling, the D-value is calculated based on the sampled values. This process is repeated 1000
times, to obtain a distribution of D-values for each method.
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3.6. Statistical significance Diare-common

3.6.1. Significance D;are-common fOr Western Europe
To test whether the difference in relative change (Drare-commonx) for Western Europe is statistical signi-
ficant, two significance tests are applied to account for both the spatial and temporal correlation.

Spatial variability

The first test accounts for the variability in the locations used to calculate the average D-value for
Western Europe. First, the degrees of freedom (DOF) are determined based on the sample size. The
DOF are equal to the sample size minus 1. Based on the DOF sampling is applied on both the Crejrare
and C'relcommon Values, with replacement. As all stations have different corresponding areas, and also
contribute with a different weight to the final D-value, the w-factor of each station is used as a weight
for the possibility of each value to be sampled. Based on the sampled values from the Crejrare and
C'rel.common, @ t-test is applied to test whether the means of the two distributions are significant different
from each other. This tests whether the relative change for a return level is not equal to zero, i.e. the
mean is not equal to zero. The null hypothesis HO is therefore that no relative change for a return level
is present. This HO is rejected in case the p-value is below 0.05. The equation used for this t-test is as
follows:

=24 (3.8)

v

where z is the observed mean of the sample, 1 the assumed mean, s the standard deviation and n is
the sample size. This sampling and testing is repeated 1000 times. It is counted how often for each
method the 1000 t-test results show a significant difference.

Temporal variability

The second step testing the statistical significance of the area-weighted average D-value for Western
Europe accounts for the temporal variability. As two time frames are used in this study (1951-1980
and 1981-2010) the temporal effect of these periods should be tested. To account for this, random
sampling from both periods is applied with replacement. For each set of sampled years, the D-value is
calculated. This sampling is repeated 350 times, to obtain a distribution of D-values for each method.
To test whether the mean of all 350 D-values is not equal to zero, a t-test is applied based on a normal
distribution, determined by the 350 D-values, and the standard normal distribution. This standard nor-
mal distribution represents a D-value equal to zero. If the normal distribution of the 350 D-values with
respect to this standard normal distribution does not show a statically significant result, it states that
the D-value does not show a significantly difference from zero. Therefore, the null hypothesis that D
equals zero can be rejected if the p-value is below 0.05.

3.6.2. Correlation of Cie)rare aNd Crel common

To check if stations with a higher increase for T1 have also a high increase for T100, the Spearman’s
rank correlation is applied. This is a non-parametric method to evaluate the agreement of a monotonic
relationship of two ranked variables, in this case the Ciejrare @nd Crelcommon Values. To quantify the
correlation the coefficient r, is used, to state the strength and direction of a relation ship. The coefficient
r, varies between -1 and +1, where the absolute value of this coefficient is an indication of the strength of
the correlation. An absolute value of 1 corresponds to a perfect monotonically correlation (Bon-Gang,
2018). In order to assess whether the observed result is significant, a hypothesis test is performed.
The null hypothesis Hj is such that there is no significant correlation between the relative change in
Crel.common @nd Crelrare for a specific station, so statistical significance is determined for p < 0.05. The
definition of the coefficient r, is given by:

65 (R; — )2

szl_
" n(n? —1)

(3.9)

where R; is the rank i observation X; of the first variable, i the rank number of the corresponding second
variable and n is the total number of observations.
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3.7. Correlation with daily temperature

Changes in precipitation extremes are often assumed to be constrained by changes in the amount of
precipitately water in the atmosphere. Because this amount is affected by the temperature, the differ-
ence in relative change between common and rare precipitation extremes are associated to changes
in temperature. In this study, the daily minimum and maximum temperature? is analysed (description
of data was provided in Chapter 3.1). As stated in Table 3.1 and Figure 3.1 (red dots), a number of 323
station data is used for the temperature analysis, with corresponding weighting factors to account for
the spatial heterogeneity.

3.7.1. All day temperature development

As a starting point, the general development of the temperature in Western Europe is analysed, to state
whether there is temperature increase in Western Europe or not. The change in temperature is obtained
by calculating the mean daily temperature for both periods 1951-1980 and 1981-2010. For each of the
323 stations data sets the mean temperatures of all days within the 30 years is calculated. As a next
step, for each station the absolute difference in temperature between both periods is calculated. This
difference indicates whether a relative warming is presented at a station location. This difference is also
presented as a relative change. To analyse the daily temperatures in this way an indication is obtained
if there is a change in temperature between the two periods 1951-1980 and 1981-2010. In this way
a correlation can be calculated with the previous calculated D-value, as this is also a comparison of
estimates of return levels between both periods. To clarify if there is any pattern in the temperature
change for Western Europe, the obtained mean daily temperatures per station are also averaged per
4 degrees latitude. A moving window is applied which average all values around a specific latitude,
ranging from -2 to +2 degrees. As the previously calculated D-values are also averaged in the same way,
the correlation between the change in temperature and the D-value per latitude can be calculated using
the previous mentioned Spearman’s rank test (Bon-Gang, 2018). To visualise this correlation between
temperature and Diare-common, @ linear trend is plotted through the points indicating the Diare-common
and the corresponding difference in temperature. To obtain a single value for temperature increase in
Western Europe an area-weighted average value for the temperature is taken from all stations for both
periods.

3.7.2. Temperature during annual precipitation extremes

As the Diare-common IS @n indication for the relative change between different precipitation extremes, it is
logical to study the temperatures at the days where precipitation extremes occur, as these temperatures
can be the driving force for these extremes. Therefore, the temperature at these days is extracted and
the average values for each year are analysed to understand the trend in these values. The data
used for this analysis can be obtained from observation stations which have both the precipitation and
temperature data available. The 267 out of the 323 stations are illustrated in Appendix E.

3.7.3. Temperature during common and rare annual extremes

To understand if changes in the temperature are different for the common and rare extremes, the
relationship between the magnitude of the precipitation extremes and the temperature is analysed.
For both periods, 1951-1980 and 1981-2010, the average temperature during both common and rare
extremes is calculated, to analyse what the relative changes of the corresponding temperatures is and
if these changes are different for the common and rare extremes. The common and rare extremes for
this temperature analysis are defined as the lowest five annual maxima for the common extremes and
the highest five annual maxima as the rare extremes. This analysis can only be done on the the length
of the time series as no temperature values can be related to extrapolated values for precipitation.

3.7.4. Supplementary analysis of dew point temperature

In addition to the comprehensive temperature analysis, a supplementary analysis is conducted on the
dew point temperature data. While this type of data is not the primarily focus of this study, it is included
in the results as several studies suggest a correlation exists between the local dew point temperature
and extreme precipitation events (Aleshina et al., 2021; Pérez Bello et al., 2021; Zhang et al., 2019).
This supplementary analysis is performed using data from three of the six countries: Sweden, The

2For clarification the minimum and maximum temperature are further stated as 'temperature’.
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Netherlands and Germany. A total number of 53 datasets containing hourly dew point data are available.
The locations of these stations are provided in Appendix E.

To analyse changing patterns in the dew point data, the average daily mean dew point temperature
is first calculated by resampling the hourly data to daily mean temperatures. Secondly, all daily mean
temperatures within both periods (1951-1980 and 1981-2010) are averaged to obtain a single dew point
temperature for each period. To analyse regional variations, the average temperature per 4 degrees
latitude is calculated. These average temperatures are then used to calculate the correlation with the
previously calculated D-values per latitude. For this dew point calculation, only the D-values for the
latitude degrees with available dew point data are used. The correlation coefficient is calculated using
Spearman'’s rank coefficient, as previously explained.

Analysing the dew point temperature on days with precipitation extremes is not feasible due to
limited data availability. Therefore, the supplementary analysis presents an example of one station,
for which a relation is visualised between the annual precipitation extremes and the corresponding
mean dew point data on those specific days. To obtain a correlation, Spearman’s rank correlation is
calculated between the annual precipitation maxima and the dew point temperature for both periods.



Results

4.1. Relative changes in common and rare precipitation extremes

4.1.1. Relative changes per observation station

To compare the relative changes of return levels of precipitation extremes in Western Europe, the return
levels are calculated based on the Full series, GEV, and MEV distributions for the precipitation data
from each observation station. After dividing the data into two periods of 30 years (Figure 3.5), the
distributions are fitted according to the methods described in Chapter 3.4. Two examples of these
distributions are visualised in Figure 4.1, with additional examples provided in Appendix B. As a result
of the frequency analysis (Full) and the extreme value analyses (GEV and MEV), each station yields two
distributions per method (Figure 4.1, blue and red lines), which relate return periods to corresponding
daily precipitation values. A precipitation amount can be linked to a particular return period. Due to the
extrapolation in the GEV and MEV methods, the return values can be significantly influenced by the
behaviour of the respective distributions. To understand the results from the extreme value analyses,
the performance of both GEV and MEYV distributions are evaluated and described in Appendix C.
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Figure 4.1: Distribution fits for Full series, GEV, and MEV for a station in The Netherlands and Germany. The red lines indicate
the fit for the first period (1951-1980), while the blue lines represent the fit for the second period (1981-2010). The red and blue
x’s denote the annual maxima for the respective periods, which are the input for the GEV analysis. The return periods (x-axis)
range from T0.1 to T1000 for both the GEV and MEV. Due to the length of the time series, the Full series shows return levels
up to T30.
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The relative change of a return level can be obtained from the distributions by calculating the difference
between the two values for a specific return period. A positive relative change means, visually, that
the blue line (period 2) is above the red line (period 1) for a specific return period. In Figure 4.1a, an
example of a station is shown where each blue line is above the red line for all three methods and
all return periods. This indicates that, based on the results of the three methods, all return periods
exhibit a positive relative change. In contrast, the example in Figure 4.1b does not show a consistent
positive or negative relative change across all return periods. The Full series and GEV methods display
varying positive and negative relative changes, while the MEV method shows almost no relative change
for each return period. The procedure of fitting distributions is applied on all 1858 observation station
data.

Drare-common, Which indicates the difference in relative change between common and rare extremes,
illustrated in Figure 4.2 where the five relative changes, defined as common and rare extremes, for
all stations are presented. Each dot represents the relative change (Cie ) for an observation station.
Stations which have a brown color show a negative relative change for the given return level, while a
green dot indicates a positive relative change.
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Figure 4.2: Geographical visualization of the relative change per observation station for a the Full T0.1, b the Full T1, ¢ the Full
T10, d the GEV T100 and e the MEV T100. Brown dots indicate a negative relative change; green dots represents stations with
a positive relative change for the corresponding return level. The relative change is equal to the change in the precipitation
corresponding to the specific return level between the periods 1951-1980 and 1981-2010.

The geographical pattern of these relative changes is further depicted in Figure 4.3. Each grid cell of 2x2
degrees represents the average value of all stations located within that region. The Full series exhibits
clear patterns for T0.1 and T1: in southern Western Europe, negative relative changes are observed,
indicating precipitation extremes became less extreme. The central regions of Western Europe show
values close to zero, while the northern areas display clear positive relative changes. However, the
pattern for T10 is less distinct, with some northern areas also showing negative values. The GEV
results display negative values in the southern part, with some regions exhibiting slightly positive relative
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changes. Northern areas show regions with high relative changes, but the most northern regions revert
to negative values. Similarly, the MEV results for T100 show a pattern resembling that of the Full series,
with negative values in southern regions, values near zero in the central areas of Western Europe, and

positive relative changes in the northern regions.
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Figure 4.3: Plot of average relative change (Cle) per 2x2 grid cell for a the Full T0.1, b the Full T1, ¢ the Full T10, d the GEV
T100 and e the MEV T100. The brown colors indicate an average relative decrease. A green color represents a relative
increase. Each cell shows the mean of all stations within that region. The number in each grid is the number of stations present
in this area. The five return level presented are used for the calculation of the Drare-common as stated in Table 3.2. The relative
change is equal to the change in the precipitation corresponding to the specific return level between the periods 1951-1980 and
1981-2010.

The range of values for the relative changes for all stations, presented in Figure 4.2, are plotted in
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histograms (Figure 4.4). The area-weighted average relative changes of all stations values are provided
in Table 4.1. These values indicate relative changes in precipitation extremes between 3% and 5.4%.
The low return level for the Full series and the MEV show lower standard deviations, whereas the Full
T10 and the GEV T100 display higher standard deviations. This indicates a wide range in the values
across all stations for these return levels, being either a negative or positive range.

Table 4.1: The area-weighted average relative changes for the return levels of interest. The standard deviation (std) indicates
the variation in values across all observation stations. The range of this std is visualized in the histograms in Figure 4.4.

Method Return level | Mean (%) std (%)
Full T0A 3.80 6.48
Full T 3.03 8.33
Full T10 3.88 17.75
GEV T100 5.35 27.40
MEV T100 4.05 10.07
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Figure 4.4: Histogram showing the ranges of C}. The mean value presented in the legend represent the area-weighted C'¢
value for Western Europe.

4.1.2. Relative changes of all return levels

To gain a comprehensive understanding of relative changes for other return levels, an overview of the
return levels from common (T0.1-T1) to rare (>T100) is provided, as illustrated in the distributions in
Figure 4.1. Figure 4.5 depicts the area-weighted average relative change for Western Europe, where
the relative changes of individual stations are averaged based on their corresponding areas. The results
of the three methods indicate a positive relative change above 2% for all return levels, suggesting that,
on average, all return levels in Western Europe became more extreme during the period 1951-2010.
The Full series (green line) varies between 2.5% and 5% for a return level range of T0.1-T30. The GEV
reaches its lowest value of 2.5% at the return levels of T30-T50 and its maximum value of 14% at a
return level of T1000. The MEV consistently shows a value of 4% for each return level.



4.2. Differences in relative change between common and rare extremes 21

14 4 —— Full
— GEV
MEV
12
9
@ 101
o
c
[+
=
U84
]
=
=
G
w ©1
=
1 V
2
T T T T T
107! 107 10! 10? 10%

Return period (years)

Figure 4.5: Area-weighted relative changes for Western Europe based on all observation stations. Relative changes are
shown for return periods ranging from T0.1 to T1000. The green line represents the Full series, the blue line indicates the GEV
estimation, and the orange line depicts the MEV distribution. The Full series shows values up to T30 due to the length of the
time series.

4.2. Differences in relative change between common and rare ex-

fremes

To determine whether rare precipitation extremes have different relative changes compared to more
common extremes in Western Europe, the entire range of return levels is first analysed. Subsequently,
the exact Drare-common Values are presented based on the extremes defined in Table 3.2.

4.2.1. Area-weighted average Western European D:are-common fOI all return levels
The values presented in Figure 4.5 represent the relative changes for all return levels, ranging from
0.1 to 1000 years. Figure 4.6 shows the differences in relative change for three three methods: Full
series, GEV and MEV. The green line shows the difference with respect to the Full series 0.1 year return
level. The blue and orange line represent the difference in relative change for, respectively the GEV
and MEV, with respect to the Full series T1 value (as described in Table 3.2). The Full series shows
negative D-values up to a return period of 10 years, after which the D-value increases up to 1.0%pt
for the T10 return level, af which the D-values decreases again. The GEV starts at T2 at a negative
difference in the change. The differences in relative changes became positive at a return period of T20,
after which it continues to increase. The MEV shows a much more stable result, with the differences in
relative change, with respect to T1, approximately equal to 1.0%pt for each return period. After T100
there is a slight increase up to 1.5%pt for a return period of T1000.
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Figure 4.6: Difference in relative change with respect to the common extreme as defined in Table 3.2. The Full series is shown
with respect to the T0.1. The GEV and MEV with respect to the Full series T1 value. The blue line indicates the Full series, the
orange line the GEV estimation and the green line the MEV distribution. The D-values are area-weighted average values for
Western Europe.

4.2.2. Area-weighted average Western European D;are-common

Based on the previously values for Drare-common (Figure 4.6) the mean difference between common and
rare extremes can be calculated. For each of the three methods, the D-value represents the difference
in relative changes shown in Table 4.2. The difference in relative change between common and rare
precipitation extremes, as calculated in previous studies (Griindemann et al., 2022), Drare-common MEV
equals 1.02 %pt. This value states that, on average for Western Europe, the rarest precipitation ex-
tremes have increased more in magnitude relative to the common extremes. The same conclusion can
be stated if the GEV distribution is applied instead of the MEV, which gives a Dyare-common,cev €qual to
2.32%pt. The Full series shows a value close to zero, which states that, based on all-day percentiles,
there is no difference in the relative change between the common and rare extremes.

Table 4.2: Differences in the change of common and rare extremes for Western Europe (as defined in Table 3.2).

Method Drare-common (%opt)
Full 0.08
GEV 2.32
MEV 1.02

As the Dyare-common a@re averages of a range of all 1858 stations, the sensitivity of the average Drare-common
due to its outliers is visualised in boxplots (see Figure 4.7). The GEV shows the highest variability,
indicating that the GEV distribution is the most sensitive to outliers. This sensitivity is due to the fact that
the GEV extrapolates annual extremes and is therefore sensitive to only a few observed precipitation
events. Conversely, the MEV shows the lowest range in Drare-common, Suggesting that it is less affected
by outliers compared to the other methods. A deeper clarification of the outliers in the GEV is provided
in Appendix C.1.
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Figure 4.7: Boxplots illustrating the area-weighted average Drare-common Obtained by bootstrapping for each method. The
boxplots demonstrate the impact of outliers on Drare-common for Western Europe using random sampling from all stations.

4.2.3. Regional variations in the D;are-common

Hidden variations may exist in the area-weighted average D:are-common fOr Western Europe, as not all
regions within Western Europe have a uniform behaviour regarding changes in precipitation extremes.
To unravel these variations, the percentage of the total area of the six Western European countries
which have positive or negative values for the Diare-common iS €xamined for each method. This per-
centage is based on the corresponding area of each station within Western Europe as described in
Chapter 3.3.1. The percentage values represent the fraction of the total area which demonstrates pos-
itive or negative D-values. The results indicate that, based on the Full series and GEV, more areas in
Western Europe exhibit decreasing Diare-common Values, whereas the MEV shows that 58% of the area
demonstrates a positive Drare-common- DesSpite minor variations in the percentage for each method, the
proportion of areas with a positive Drare-common iS @round 50% (Table 4.3). This suggests a high level
of agreement that, based on the total area of Western Europe, the rarest precipitation events will not
experience the greatest relative increase in magnitude.

Table 4.3: Percentage of the total area of all six countries showing increasing and decreasing Drare-common pPer method during
the periods 1951-1980 and 1981-2010.

Method % increase % decrease
Full 46.4 53.6
GEV 48.5 51.5
MEV 57.7 423

For a geographical analysis of Drare-common fOr each method, the average Diare-common P€r 2x2 grid cell
is illustrated in Figure 4.8. Once again, these values generally have agreement, while there is not
clear pattern of exclusively positive or negative values relative to latitude. In the northern regions of
Sweden and Norway, the majority of grid cells show notably negative D-values, whereas the southern
parts of both countries display a mixture of positive and negative values. Sweden shows predominantly
positive D-values, while the south of Norway consistently shows negative D-values. Similar, high values
and some negative values are observed in the southern part of Western Europe. The central part,
comprising Germany, France, and The Netherlands, exhibits a mixture of negative and positive values,
with the average values hovering around zero. This suggests a balance between the differences in
relative changes in rare and common extremes in these regions.
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Figure 4.8: Average Drare-common per 2x2 grid cell for a the Full series, b the GEV and ¢ the MEV. Grey colors indicate an
average negative D-value, while red colors represent positive D-values. The number in each grid cell denotes the number of
observation stations used to calculate the average Drare-common for the corresponding cell.

The average Drare-common PEr latitude is visualised in Figure 4.9, using a moving window in the latitude
direction with a width of 4 degrees. Positive Diare-common Value are observed in northern countries
Sweden and Norway for each method. In the central part of Western Europe, values close to zero
are observed for each method, while the southern regions of France and Spain display positive values
again, indicating the rarest precipitation extremes increase relatively more than the common ones in
these areas. This pattern becomes more apparent when considering the average of all three methods
(see Figure 4.9, represented by the black dashed line).
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Figure 4.9: Average Drare-common per latitude, with a window size of 4 degrees. Map shows the average D-value (%pt) for each
method. The latitude ranges from 37 to 69 degrees. The black dashed line represents the average of all three methods.

4.3. Statistical Significance of the D:are-common fOr Western Europe

To test the statistical significance of the result that the average Diare-common for Western Europe (presen-
ted in Table 4.2) is positive, various tests are applied to account for spatial and temporal variability.

4.3.1. Spatial variability

The first test accounts for the spatial variability of the 1858 observation stations for precipitation used
in this study. For each of the three methods, a weighted sampling with replacement is applied as
described in Section 3.7.2. A number equal to the degree of freedom is drawn from the C'erare @and
Crel.common distributions, resulting in 1857 values for both relative changes. A t-test was conducted
to test whether the means of these two distributions are significantly different from each other. This
random sampling is repeated 1000 times. Table 4.4 shows the frequency with which these samples
show a significant difference, defined as a p-value of the t-test being lower than 0.05. Given that the
obtained Diare-common fOr the Full series is very close to zero (Table 4.2), the t-tests indicate that only 5%
of all samples shows a significant difference of the means of the two distributions. Both the GEV and
MEV show a percentage of significant difference of 90%, indicating that the results for these methods
are statistically significant in most cases by randomly selecting the station locations. Based on these
results, the test demonstrates that the null hypothesis of no difference in the means of the Crejrare and
Crel.common €an be rejected in 90% of all samples for both the GEV and MEV, while this is only 5% for
the Full series.

Table 4.4: Output t-tests for spatial variability for area-weighted Drare-common for Western Europe (Table 4.2). Percentage of the
1000 samples accounting for spatial variability where Drare-common Shows a significant difference between C'g| rare and
Crel.common- A significant difference occurs when the p-value of the t-test is below 0.05.

Method Occurrence of significant difference (%)
Full 4.9

GEV 91.8

MEV 89.0

For each of the 1000 samples, the area-weighted mean of the Ciej rare @and Crel common iS calculated and
plotted in a histogram (Figure 4.10). These histograms illustrates the distribution of the 1000 means
for both the Crejrare @nd Crelcommon- The Full series shows overlapping distributions, where the Cre 110
has a higher standard deviation compared to the Ci¢10.1. Both the GEV and MEV show distributions
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which do not overlap. However, the Ci 1100 for the GEV has a three times higher standard deviation
compared to the Cre 11. The MEV distributions have equal standard deviations for both the C'g 1100 @and
CrelT1-
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T0.1 T 1739 T
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Figure 4.10: Plot shows the results of all area-weighted 1000 samples of the significance test for spatial variability for each
method: a the Full series, b the GEV and ¢ the MEV. For each sample, the mean of all selected Crg| rare @and Cre| common IS
calculated and plotted. The previously shown t-test result is based on the two means of each sample.

4.3.2. Temporal variability

To account for the temporal variability, a second test is performed by sampling the years from both
periods. From both periods, 1951-1980 and 1981-2010, random years were selected with replacement,
equal to a number of 30 years. For each randomly selected pair of years, the area-weighted average
Drare-common for Western Europe is calculated. This sampling is repeated 350 times. All 350 D-values
for each method are plotted in a histogram (Figure 4.11). Each plot contains a red dashed line, which
corresponds with the area-weighted D-value for Western Europe presented in Table 4.2.

Based on the result of the t-test, it was assessed whether the distribution of D-values for each method
differs from the standard normal distribution. The D-value is assumed to be equal to zero for a method
if the distribution of all sampled values equal the standard normal distribution, with a mean of 0. The
standard normal distribution is therefore assumed to represent a variability in the D-value equal to zero
mean and standard deviation 1. The mean of all 350 sampled values for each method varies from
the values presented in Table 4.2. Sampling of the years for the Full series results in an average D-
value of 0.82%pt. The average D-value for the GEV increases to 3.39%pt, while the value for the MEV
decreases to 0.81%pt. As shown in Table 4.5, again the GEV and MEV have a statistical significant,
with a p-value lower than 0.05. This indicates that the null hypothesis (HO), that the mean of the D-value
distribution is equal to mean of the standard normal distribution, can be rejected. However, the p-value
for the Full series is above 0.05, which suggesting that there is no significant difference between means
of the standard normal distribution and the D-values.
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Figure 4.11: Histograms illustrates the results of all 350 samples of the significance test for temporal variability for each
method: a the Full series, b the GEV and ¢ the MEV. The black line indicates the standard normal distribution. The histograms
for each method shows the distribution of all 350 area-weighted Drare-common Obtained by sampling of the years. Red dashed
lines indicate the Drare-common Obtained for each method.
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Table 4.5: t-test output for temporal variability of the area-weighted average Drare-common for Western Europe. A p-value lower
than 0.05 indicates that the null hypothesis that there is a standard normal distribution of D-values, can be rejected.

Method t-value p-value
Full 1.87 0.0624
GEV 2.74 0.0068
MEV -3.42 0.0008

4.3.3. Correlation of Ciejrare and Chel common

To examine the correlation between increases in the relative change of rare and common extremes,
the Spearman’s rank correlation coefficient is applied (see Table 4.6). This test determines whether
there is a correlation between the relative change for Cierare @and the relative change for Crel common- A
correlation value close to 1 indicates that a high relative change in rare extremes corresponds with a
high relative change in more common extremes for a specific station location. The results from the MEV
distribution show a correlation of around 0.6. However, the other methods show almost no correlation.
The relatively higher correlation observed in the MEV may be influenced by the input data used in the
analysis. Since the MEV method utilises all precipitation data instead of just annual maxima, the input
data may exhibit less variance, potentially affecting the correlation results.

Table 4.6: Spearman’s rank correlation (rs) between Clrg| rare @nd Crej common- The correlation parameter indicates whether a
relative change in Clg rare COrresponds to a similar change in Cre| common- The p-value states whether the result is significant.

Method Ts p-value
Full 0.15 <0.001
GEV 0.12 <0.001
MEV 0.59 <0.001

4.4. Correlation D:are-common and daily temperature

The minimum and maximum daily temperatures are analysed in the same regions as the precipitation
data is examined. Initially, the average temperature for both in Western Europe is presented. Next, the
temperatures on the days with annual maxima are analysed. Finally, the temperature during common
and rare extremes is compared to see if there is a pattern which can be associated with the obtained

Drare-common .

4.4.1. All day temperature development Western Europe

For each observation station with temperature data (Figure 3.1 red dots) the average temperature is
calculated in both periods (1951-1980 and 1981-2010). This average temperature for each of the two
period represents the mean of all day temperature within the time frame of 30 years. Figure 4.12a, b,
d and e represents these mean daily temperatures per station. The mean daily temperatures show a
similar pattern for both periods 1951-1980 and 1981-2010. As expected, the highest latitudes experi-
ence both for the minimum and maximum temperature the lowest temperatures, while the most south
regions show the highest temperatures. To analyse the development of the temperature of the obser-
vation stations, the difference between the mean daily temperatures are visualized in Figure 4.12¢c and
e, respectively for the minimum and maximum temperature. Stations marked with a brown color indic-
ate locations where the mean daily temperature has decreased, while green dots represent stations
where the mean daily temperature has increased. The difference in minimum temperature ranges from
-0.29°C to 2.01°°C, whereas the range for the maximum temperature is -1.68°C to 1.98°C. The percent-
age of stations with a positive difference for both minimum and maximum temperatures is 97.5%.
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Figure 4.12: Geographical plots showing the mean daily temperature (°C) over the specified periods for each observation
station. a, b, d and e represents the average temperature for both the Tmin and Tmax for the two periods. Temperatures below
zero are indicated with blue, while the positive average temperatures are presented in red. ¢ and f shows the difference in
temperature between both periods. Brown colors indicate a stations which has a negative difference in T between the two
periods (1951-1980 and 1981-2010), while the green colors represents a positive difference in temperature.

The mean daily temperature in both periods (1951-1980 and 1981-2010) for Tmin and Tmax per latitude
is visualised in Figure 4.13a, similar to the plot for Dyare-common in Figure 4.9. The dashed line indicates
a higher value for all latitudes for both the minimum and maximum temperature, stating a positive dif-
ference in temperature on average for each latitude. Figure 4.12b presents these average temperature
difference per latitude. The minimum temperature (blue line) shows the highest values in the northern
region, approximately equal to 1 °C. The central part of Western Europe is characterised by lower val-
ues, around 0.6-0.7 °C, which slightly increases further to the south. The maximum temperature (red
line) shows the lowest values for the northern region, while the temperature difference increases in
the central part of Western Europe and continues to rise further to the south. Observing both patterns
of the difference in minimum and maximum temperature, it is evident that the temperature difference
in the northern region is highest for the minimum temperature, whereas the central and southern part
show the highest difference for the maximum temperature. Based on this, it can be concluded that the
maximum temperature has increased more in Western Europe compared to the minimum temperature,
except for the northern region.
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Figure 4.13: Temperature presented per latitude. a shows for both the Tmin (blue lines) and Tmax (red lines) the average
temperature over the specified period. b shows the average difference in both temperatures. The size of the moving window
equals 4 degrees.

To obtain a single value for the average change in temperature for Western Europe, the mean daily
temperatures of all stations are averaged and weighted according to their corresponding area (Table
4.7). The absolute and relative difference is presented in Table 4.8. The average change in the min-
imum and maximum temperature in Western Europe equals, respectively, 0.83 °C and 0.70 °C. While
the absolute change is approximately the same, the relative change for the minimum temperature is
five times larger due to the lower mean daily minimum temperature. This indicates that the minimum
temperature has increased relatively more compared to the maximum temperature.

Table 4.7: Average area-weighted Tmin and Tmax for Western Europe for both periods (Figure 3.1 red dots). The temperatures
are based on the daily mean Tmin and Tmax value per station and averaged for Western Europe according to the station area.

Period Tmin (°C) Tmax (°C)
1951-1980 3.15 11.92
1981-2010 3.98 12.62

Table 4.8: Average area-weighted difference in Tmin and Tmax for Western Europe for both periods (Figure 3.1 red dots). The
differences are based on values shown in Table 4.7

Temperature Difference in T (°C) Relative change T (%)
Tmin 0.83 26.4
Tmax 0.70 5.9

4.4.2. Correlation Diare-common and all day temperature

Based on the area-weighted temperature change stated in Table 4.8, the expected change in precip-
itation extremes according to the Clausius-Clapeyron relationship should be 7% for each degree of
temperature increase. The difference in both minimum and maximum mean daily temperature equals
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+/- 0.75°Celsius, a change in precipitation extremes close to 5.3% should be expected. However, as
can be seen in Table 4.1, the average values obtained from the observation stations are slightly lower,
except for the GEV. The change in temperature extremes, as an average for Western Europe, can
therefore be explained by the Clausius-Clapeyron relationship, depending on the used method for es-
timating the precipitation extremes.

To further quantify the correlation between the Diare-common fOr precipitation and the change in tem-
perature for each method, the obtained Diare-common Values per latitude, presented in Figure 4.9, are
correlated to the average mean in the minimum and maximum temperature presented in Figure 4.13b.
The correlation is calculated using the Spearman’s rank correlation coefficient. The highest correlation
is obtained between the change in Tmax and the Dare-common Pased on the GEV, which provides a cor-
relation of -0.58, which is statistically significant (Table 4.9). This correlation suggests that if the change
in Tmax is relative high in a region, the Diare-common, gev iN this area is relatively low, compared to other
regions. Based on the p-values the Dyrare-common, Mev ShOws also a statistical significant correlation with
the change in the minimum temperature, with a correlation coefficient equal to 0.53. This correlation
indicates that the output of the MEV distribution shows a relatively high Drare-common, Mev in the regions
for which the change in the minimum temperature is relative high.
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Figure 4.14: Correlation of the temperature and the Drare-common for the methods a Full series, b the GEV and ¢ the MEV. The
correlation is calculated for the average values per latitude presented in the Figures 4.9 and 4.13. Blue dots and lines indicate
the minimum temperature; the red dots and lines the maximum temperature.

Table 4.9: Output of Spearman’s rank test correlation Drare-common and temperature change per latitude (Figure 4.14). The r;
close to +1 or -1 indicates very strong correlation. A p-value below 0.05 states that the null hypothesis (HO) that there is no
correlation can be rejected.

Method Tmin | Tmax

T p-value | s p-value
Full 0.27 0.190 -0.03 0.891
GEV 0.27 0.177 -0.58 0.002
MEV 0.53 0.005 0.115 0.575

4.4.3. Daily temperature during annual precipitation extremes

As this study focuses on changing patterns in extreme precipitation events, the minimum and maximum
temperature on the days of annual precipitation extremes are analysed. The temperature for each year
during the annual extremes are plotted as an area-weighted average of all stations which have both
the temperature and precipitation data (Figure 4.15). The average Tmin increases with 0.019°C/year,
the Tmax increases with 0.022°C/year, both being statistically significant trends, based on the Mann-
Kendall test. Based on this, it can be stated that for Western Europe, both the average Tmin and Tmax
increases during the period 1951-2010 at the days of the annual extremes.
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Figure 4.15: Area-weighted average Tmin and Tmax of all temperature stations during annual extremes for each year. A trend
line is plotted through the points, indicating the statistical significant (p<0.05) slope of these values. Shading shows the mean
+/- standard deviation.

This change in temperature during annual extremes can be caused by the general increase of the
minimum and maximum temperature (Table 4.7), but can also be affected by a shift from colder to
warmer months as only one day of each year is analysed in this case. Therefore, the months in which
the annual extremes occur during both periods 1 and 2 for all precipitation stations are presented
in Figure 4.16. In the winter months (Oct-Mar) the second period has 9.5% more annual maxima,
compared to the first period 1951-1980, while the summer period (Apr-Sep) shows a decrease of 4.5%.
Despite the fact that more annual extremes are present in the summer period for both periods, there is
a shift visible towards more precipitation extremes in the winter period, i.e., towards the colder months.
The increase in both Tmin and Tmax is therefore not affected by a shift from colder to warmer months.
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Figure 4.16: Months in which annual precipitation maxima occurs. The bars represent the sum of months in which the annual
maxima occur for all precipitation observation stations. Pink bars indicate the months in period 1951-1980, while brown bars
represent the months for the period 1981-2010.

4.4.4. Daily temperature during common and rare annual extremes

To assess whether a change in daily temperature can be associated with the positive change between
common and rare extremes (Table 4.2), the relation between minimum and maximum temperature and
the common and rare extremes is examined. In literature, it is often suggested that an increase in
temperature is a driving force for more extreme precipitation.

The results of the temperature analysis during both common and rare extremes are visualised in Fig-
ure 4.17. For each station with both temperature and precipitation data, the minimum and maximum
temperature during the lowest five annual extremes are averaged, as well as for the five highest annual
extremes. This procedure is applied for both period 1 (1951-1980) and period 2 (1981-2010). Figure
4.17 presents for each period, both temperature distributions for the common and rare extremes for
all stations. Upon visual inspection of the histograms for each temperature and period, it is observed
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that the average temperature at the days with rare precipitation extremes is higher compared to the
temperature at the days with common precipitation extremes.
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Figure 4.17: Histograms illustrates the a minimum temperature during period 1, b minimum temperature during period 2, ¢
maximum temperature during period 1 and d maximum temperature during period 2, all observed during annual maxima. The
temperatures during common extremes represent the average temperature during the five lowest annual precipitation extremes,
while the temperature during rare extremes denotes the average temperature during the highest annual precipitation extremes.

The average minimum temperature demonstrates a greater increase (Table 4.10) during both common
and rare extreme precipitation events (8.05 > 3.58 and 3.08 > 2.17). The temperature rise during more
common extremes is notably higher compared to that during rare extremes (8.05 > 3.08 and 3.58 >
2.17). This suggests that a greater temperature increase is observed during common precipitation ex-
tremes, contradicting the findings in Table 4.2, which indicate a slightly higher increase in rare extremes
compared to common ones. These results imply that, based on the datasets used, a relatively higher

change in rare extremes is not necessarily associated with a greater temperature increase during those
rarer events.

Table 4.10: Relative change in average daily temperature during common and rare extremes for the periods 1951-1980 and

1981-2010.
Temperature Crel for common extreme (%) Cre| for rare extreme (%) D (%pt)
Tmin 8.05 3.08 -4.97
Tmax 3.58 217 -1.41




4.4. Correlation Drare-common @nd daily temperature 33

4.45. Supplementary analysis of dew point temperature

In addition to the comprehensive temperature analysis, a supplementary analysis is conducted on the
dew point temperature data for three countries: Germany, The Netherlands and Sweden. An overview
of the station location is provided in Appendix E. Although this is not the primary focus of this study,
it shows valuable insights into the atmospheric conditions influencing precipitation extremes. This
analysis aims to explore the relationship between dew point variations and extreme precipitation events,
further enhancing the understanding of the factors driving these extremes. This part does not contain a
full analysis, but show the relevance of understanding the behavior of dew point temperature in relation
with extreme precipitation patterns.
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Figure 4.18: Average daily dew point temperature (dark blue) presented per latitude. The figure show in a shows also both the
Tmin (blue lines) and Tmax (red lines) the average temperature over the specified period. b shows the average difference in
the dew point temperature. The size of the moving window equals 4 degrees. Dew point data is collected from 53 stations in

Norway, The Netherlands and Germany.

Averaging the daily dew point temperatures from all stations yields a value of 3.99°C for the period
1951-1980 and 4.49°C for the period 1981-2010 (Table 4.11). On average, the dew point temperature
has increased by 0.5°C, representing a relative increase of 12.53%.

Table 4.11: Average dew point temperature for both periods. The temperatures are based on the daily mean dew point
temperature value per station.

Period Tdp (°C)
1951-1980 3.99
1981-2010 4.49

Similar to the procedure used for the minimum and maximum temperatures, the average dew point
temperature for both periods, 1951-1980 and 1981-2010, was calculated. Figure ??a shows the av-
erage dew point temperature per latitude, with the minimum and maximum temperatures also plotted
for comparison. The pattern of the average dew point temperature is similar to that of the minimum
temperature (light blue line). The differences between the average temperatures for both periods are
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calculated and presented in Figure 4.18b. The difference in dew point temperature exhibits a pattern
similar to that of the minimum temperature, though it is approximately half as large. Nonetheless, the
difference remains positive for each region, indicating that the dew point temperature has increased
over the period from 1951 to 2010.

Based on the Spearman’s rank coefficient, no statistical significant correlation is found between the
D-value and the difference in dew point temperature between both periods, as each of the p-values is
above the 0.05 (Figure 4.19).
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Figure 4.19: Correlation of the dew point temperature and the Drare-common for the methods Full (green), GEV (blue), and MEV
(orange). The Spearman'’s rank correlation coefficient (rs) and the corresponding p-value are stated in the legend.

Analysing the dew point temperature on days with precipitation extremes is not feasible due to limited
data availability in the three countries. However, an example from one station is presented in Figure
4.20 to illustrate the potential change in the relationship between precipitation extremes and the dew
point temperature on those days. The red dots represent data from the period 1951-1980, and the blue
dots represent data from the period 1981-2010. For both periods, the average dew point temperature
on the days of the annual extremes is presented by a horizontal line. An increase in the average dew
point between the two periods is observed, suggesting that the dew point is higher in the second period,
on average. To determine if there is a relationship between precipitation and the daily mean dew point
temperature, Spearman’s rank correlation is applied. This analysis shows no significant correlation for
this specific station, as both p-values are above 0.05.
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Figure 4.20: Example of a station for which the annual precipitation maxima is related to the dew point temperature on the
same day. The data from the period 1951-1980 is presented in red, and the data from the period 1981-2010 is presented in
blue.
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Table 4.12: Output of Spearman’s rank test correlation between the annual precipitation maxima and the dew point
temperature on the same day, calculated for each of the two periods, 1951-1980 and 1981-2010.

Period T p-value

1951-1980 0.08 0.68
1981-2010 -0.02 0.91




Discussion

5.1. Interpreting results

Given that design criteria related to precipitation extremes are often based on the expected frequencies
of rare extreme precipitation events, it is necessary to understand whether the predicted patterns in
precipitation extremes are reliable. If rare precipitation extremes are expected to become more extreme
compared to the more common ones, and this expectation fails, considerable investments may be
made to improve engineering design, which may ultimately prove unnecessary. As it is recognised
by Schiermeier (2010) that predictions of precipitation changes represent one of the most complex
aspects of climate science, this study highlights the necessity of exercising discretion when deriving
conclusions from climate scenarios. It underscores the possibility that in the future, extremes may not
occur to the extent initially estimated. Therefore, the results of this study contribute to understanding
the quality of the predictions derived from climate models and provide additional evidence to support
the finding whether rare extremes will see the greatest relative increase in magnitude.

5.1.1. Relative changes in precipitation extremes

The relative changes in precipitation extremes across Western Europe are obtained by averaging the in-
dividual changes over the 1857 stations. As illustrated in Figure 4.4 and Table 4.1, standard deviations
up to 27.4% are observed, particularly for the GEV distribution. These standard deviations indicate the
range of values across all stations. Figure 4.4d presents relative changes of individual stations up to
100% for the GEV. As explained in Appendix C the GEV distribution can be significantly affected by
some ’'extreme’ events in one of the two periods. An example of such a time series is shown in Figure
D.3, which contains a few rare extremes in the second period. These events affect the distribution
fit for this second period, causing the high relative change. This explains that obtaining values up to
100% can be driven only by a few extreme events, but is not unrealistic, as it indicates the change
in occurrences of these precipitation extremes. Averaging the results of all 1857 station will decrease
the effect of individual events at a specific location and provide an indication of the average pattern in
Western Europe.

For interpreting the average relative change in return levels for Western Europe, it is important to real-
ise that the study spans thirty degrees of latitude, encompassing various climates that can potentially
influence the observed changes in precipitation extremes. Climates are often characterised by different
precipitation patterns, which can affect the behavior of precipitation events. Additionally, temperatures
vary significantly across the different climates in Western Europe. Therefore, in addition to the average
values for the entire region, this study focused on average values per latitude to analyse patterns in
the different climates. It is suggested that future research should examine the specific characteristics
of each climate in Western Europe, alongside the analysed temperature data.

5.1.2. Difference in relative changes

While this study presented the a large range of return levels for both the Cr; and Drare-common (Figure
4.5), the final Diare-common Values are based on two specific return levels. To interpret the obtained
Drare-common Values, each of the three methods is discussed separately.

36
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Full series

In the first method, this study obtained the D-value based on the Full series frequency analysis. The
D-values are directly estimated from the time series, making this method the most stable for obtaining
return values up to length of the time series, in this case 30 years. The D-value calculated using the
Full series method is based on the return levels T0.1 and T10. According to the definition of extreme
precipitation, the 0.1-year return level is expected to be exceeded on average every month, while T10
represents a precipitation event expected to be exceeded once every 10 years. Although these return
levels differ from those used in the GEV and MEV distributions, the difference in relative changes
still indicates whether more common precipitation extremes behave differently compared to more rare
extremes. The Full series method yields a D-value close to zero, suggesting no significant difference in
relative change between common and rare precipitation extremes. Considering the full range of return
levels, as shown in Figure 4.6 for the Full series, the D-value varies depending on how common and rare
return levels are defined. Therefore, analysing the behavior of both common and rare extreme should
be done using different definitions of what is common and rare to prevent observing a phenomenon
that may only be valid for two specific return levels.

GEV

In the second method, the Diare-common iS Obtained through the GEV distribution, yielding a value of
2.32%pt, the most significant result among all three methods.

Analysing the entire range of D-values up to a return level of 30 years, the difference in relative change
for the GEV is negative. However, for return levels greater than 30 years, the D-value increases sharply,
reaching up to 14.0%pt for Dqggo.1. This pattern indicates that when the rare extreme is defined as
exceeding 30-year return level, the GEV suggests that the rare precipitation extremes have increased
more in magnitude relative to the more common extremes. Since the GEV uses the annual precipitation
extremes as input for defining the parameters, the tail behavior represents the pattern in these extremes,
making the obtained D-value representative of only the extremes’ behavior. Compared to the Full series,
the GEV can estimate return levels exceeding the time series length.

MEV

The Drare-common based on the MEV distribution shows a value close to 1.0%pt. As depicted in Figure
4.6, which displays the D-values across the range of return levels, this value of 1.0%pt is consistent
for each return period. The relative change for each return is therefore almost identical. As the MEV
shows an equal D-value for different definitions of the rare extreme, the MEV distribution itself does
not show any difference in relative change on average for Western Europe. In comparison to the GEV,
the MEV performs better for return levels exceeding the time series length of 30 years, as highlighted
in previous comparisons (Zorzetto et al., 2016). One of the reasons for the stable result is the input
data used to obtain the MEV distribution, which includes all precipitation events above a threshold
of 1 mm/day. Consequently, the distribution is based on all precipitation events, not solely extreme
ones. Additionally, the statistical significance test in Chapter 4.3.3 reveals a correlation coefficient
between Cig rare @nd Crel.common Of 0.59. This correlation suggests that a high relative increase in the
rare extremes corresponds with a high relative change in more common extremes, contributing to the
stable result observed for each return level on average across Western Europe.

5.1.3. Correlation with temperature

The results of the temperature analysis showed an average increase in both minimum and maximum
temperature over the period 1951-2010 in Western Europe. The temperature analysis by latitude un-
derscores the importance of examining the correlation between differences in relative change and tem-
perature, as the temperature pattern varies across latitudes. This highlights the existence of different
climates within Western Europe, suggesting that while it is useful to analyse the overall trend for West-
ern Europe, it is also essential to consider regional variations. The correlation between the average
D-value per latitude and the change in temperature is not significant for most of the results. However,
a significant result is obtained for the Diare-common cev @nd the change in maximum temperature, as well
as for Drare-commonmev @nd the change in the minimum temperature. These findings indicate a weak
overall correlation between changes in temperature and the obtained Diare.common Values. Nonetheless,
the two statistically significant results suggest that a relationship may exist. This highlights the com-
plexity of factors influencing Dyare-common- The presence of some significant correlations indicates that
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temperature changes could play a role, but other factors are also likely to affect Dyare-common- Therefore,
further analysis is needed to understand what drives the Dyare-common Value in specific areas, consider-
ing factors beyond just temperature changes.

Analysing temperatures on the days of annual extremes reveals an increase over time, indicating that
temperatures on these specific days have been rising from 1951 to 2010. Although this trend is based
on a single day each year, the observed increase is of the same order as the overall temperature
change.

According to the Clausius-Clapeyron relation, which states that water vapor pressure increases by ap-
proximately 7% per degree Celsius, higher temperatures should lead to more water being stored in the
atmosphere, resulting in more extreme precipitation events. However, the analysis of temperatures
during common and rare precipitation extremes shows a greater temperature increase during com-
mon extremes compared to rare extremes. If the Clausius-Clapeyron relation were directly applicable,
we would expect greater temperature increases to correspond to more extreme precipitation events.
Contrary to this expectation, the results of this study indicate that rare precipitation extremes have not
increased proportionately to the higher temperature increases. This discrepancy suggests that other
factors may be influencing the intensification of rare precipitation extremes. These factors could include
the water vapor content at the time of the precipitation extreme or the temperatures at locations where
water enters the atmosphere. Additionally, it is possible that temperature increases have a non-linear
effect on water vapor content, with higher temperatures potentially having a more significant impact on
water vapor content compared to lower temperatures.

5.2. Comparison with previous study

As mentioned in the introduction, the previous study by Griindemann et al. (2022) indicated that rarest
precipitation extremes will see the greatest relative increase in magnitude compared to more common
extremes, based on climate scenarios. To verify if the results of this research align with this previous
conclusions, it is essential to consider both the length of the time scale and the associated temperature
increase should be taken into account. The previous study analysed changes in extreme precipitation
over a period of 130 years, while this research focuses on changes over 60 years (1951-2010). To make
a meaningful comparison between the two studies, these different time scales must be accounted for. In
this study, D-values varying between 0.08 and 2.32%pt were found for Western Europe. In contrast, the
study of Griindemann et al. (2022) reported global (land) D-values ranging from 3.06 up to 10.65%pt,
depending on the climate scenario (Table 5.1). Specific Drare-common Values for Western and Central
Europe were lower, ranging from 2.55 to 8.06%pt. Considering the longer time frame of Griindemann’s
study which can cause larger difference in relative change, the results of this research are comparable
to those corresponding to the lowest climate scenario for Western Europe, excluding the results of
the Full series. Despite the results of this study are lower compared to the study of Griindemann et
al.(2022), both results show positive D-value on a large scale.

Table 5.1: Drare-common results previous study (Griindemann et al., 2022) in relation with temperature increase (global values).
Temperature change is given for the period 1971-2100 based on Figure 2.3.

Climate scenario Period \ Global Dyare-common (Yopt) Increase global T (°C)
SSP1-2.6 1971-2100 3.06 1.7
SSP5-8.5 1971-2100 10.65 5.1

5.3. Limitations of the method

The methodology used in this study to calculate the Diare-common @nd its correlation with daily temperat-
ure, contains several limitations in terms of the used data and method.

5.3.1. Data availability and quality

In the analysis of precipitation and temperature data from observation stations, it is crucial to consider
the heterogeneity in the available data. Globally, many areas do not have a dense network of meteor-
ological data stations. Moreover, when analysing long time series, limitations arise from the fact that
numerous observation stations in many countries did not start data collection more than 60 years ago.
For instance Norway, with 2264 observation stations with recorded precipitation data, yet only 62 sta-
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tions have maintained continuous precipitation measurements throughout the entire time series from
1951 to 2010. Overall, in this study, 1858 out of 18089 observation stations could be used for analysis,
due to shorter time series or missing data. Particularly in other regions worldwide for which the density
of observation stations is even lower compared to Western Europe, the analysis of observation data
time series may consequently be subject to high uncertainties.

The examination of observation station distributions across the six countries (Germany, France, the
Netherlands, Spain, Norway, and Sweden) revealed a non-uniformity in data availability (Figure 3.1).
Notably, Germany, France, and the Netherlands exhibited a dense network of observation stations,
characterised by extensive coverage. Conversely, Spain, Norway, and Sweden displayed significantly
fewer availability of observation stations scattered across their regions. This variation in data under-
scores a challenge in achieving spatial coverage and highlights potential limitations in data-driven ana-
lyses, particularly in regions with sparse observation networks. To mitigate the impact of non-uniform
spatial coverage of observation stations, in this study area-weighting techniques were implemented to
ensure equal contribution across the geographic regions. However, its crucial to note that this weight-
ing method, while it helps addressing the spatial disparities, does not account for the coverage of the
available station, which can cause incorrect assumptions of precipitation and temperature patterns.
The precipitation data for this study is sourced from 1857 stations across Western Europe. Ideally, daily
temperature data for all these stations would be available, but this is not the case. Instead, temperat-
ure data is available for only 323 locations. Although this number is about one-sixth of the number of
precipitation stations, the area coverage is approximately equal, as each region with precipitation data
also has a station with temperature data available. When critically evaluating the correlation between
precipitation and temperature, the disparity in the number of stations must be considered. The general
temperature change presented in this study is based on the average values from the 323 locations.
To address the non-uniformity in the data, area-weighting techniques were applied to ensure equal
contribution from all regions. Analysing temperature trends on specific days can only be performed
at observation stations where both temperature and precipitation data are available. As detailed in
Appendix E, 267 of the 323 temperature locations also have corresponding precipitation data. A no-
ticeable reduction in data availability is particularly evident in Norway and Sweden.

A second limitation in data collection is the accessibility of long time series. Data retrieval from meteoro-
logical institutes became a time-consuming process due to the complexity of accessing data, especially
if the language is not standardised to English. Several institutes in Western Europe improved recently
the availability of large datasets, for example via API’s, but lots of countries do not have the opportunity
to obtain their long term data. For example, for this study, the data from Spain is available until 2012.
To get access to the more recent data, payment is required, which limits the use of this data.

5.3.2. Limitations in estimates of precipitation extremes

In this study, three different methods were applied to obtain return levels. Each method has distinct
advantages and limitations, impacting their reliability and applicability in different scenarios.

The Full series method is considered the most reliable as it solely uses the available data to calcu-
late return levels. This direct approach ensures that no extrapolation beyond the observed data is
necessary, making it robust for shorter return levels. However, its significant limitation is the inability to
estimate return levels beyond the length of the time series. This is particularly relevant because most
meteorological observation time series do not span at least 100 years, making it difficult to estimate
high return levels using this method alone.

The GEV distribution is widely used for extrapolating time series to estimate return levels beyond
the observed data range. It offers more flexibility than simpler methods like the Gumbel distribution.
However, a key limitation of the GEV method is that it uses only a limited subset of all precipitation
events, typically annual maxima, as input for calculating the distribution. This approach significantly
reduces the amount of data available for analysis. For shorter time series, this can result in only a few
observations being used to fit the distribution. As observed in the fitting of the distribution for several
stations in this study (Appendix B), the tail of the distribution is primarily influenced by the highest ex-
tremes, which determines the direction of the tail. This can lead to substantial overfitting or underfitting,
particularly when comparing high return levels with lower return levels, which can significantly affect
the results.

The MEV distribution outperforms the GEV in estimating return levels larger than the sample size
(Zorzetto et al., 2016). To obtain the final Drare-common, the MEV is used to obtain a return level of
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100 years for a time series of 30 years, considering the MEV performs better for these return levels
compared to the GEV. This study also calculates other return levels, ranging from 2 to 1000 years. It
would be valuable to investigate for which return levels, relative to the sample size, the MEV results
can be reliably used in comparative analyses as conducted in this study. A limitation of the MEV is
the lower accuracy of estimates for low return periods, necessitating the use of another method, in this
case, the Full series frequency analysis, to estimate low return levels.

While this study investigated the difference in change between common and rare precipitation ex-
tremes using the three aforementioned methods. While these three methods differ from each other in
terms of data used and calculating return values, several other methods exist to perform extreme value
analysis. Some of these other methods are very useful in the field of estimating precipitation extremes
as done in this study. An example is the Peaks over Threshold (POT) approach, which analyses precip-
itation events exceeding a specific threshold. The benefit of this method compared to the use of annual
maxima in the GEV is that the GEV excludes the second highest precipitation events, potentially exclud-
ing significant extreme precipitation events which can be quite useful for the analysis. Especially in a
year which has a very high annual extreme and a relative high second highest extremes, which are not
correlated. The POT will in this case include both events in the analysis. For using the POT approach,
the effect of the threshold choice should be studied. This POT approach tends to converge to a Gen-
eralized Pareto Distribution (GPD) (Begueria & Vicente-Serrano, 2006). This distribution, described
by two parameters (a shape and a scale parameter) can be used similarly to the GEV distribution to
extract return levels higher than the time series length.

5.3.3. Temperature analysis

Analysing changes in temperature can be approached in several ways. The method used in this study
for temperature analysis consists of several steps. First, the average daily temperature for the periods
1951-1980 and 1981-2010 is calculated. While this value provides a direct comparison of temperatures
between these periods, it does not show the temperature increase over the entire period from 1951 to
2010 or within each period. Secondly, averaging all daily values over a 30-year period does not account
for seasonal variations. Analyzing the behavior of daily temperatures by season can reveal in which
season the temperature changes the most.

To obtain a correlation coefficient for the relationship between temperature and the D-value, the average
temperature per latitude is used. For visualising this relationship, a linear trend line is plotted in the
figures (Figure 4.14). While this trend line indicates the type of correlation, it should be noted that the
correlation does not necessarily need to be linear.

The next step in the temperature analysis considers the temperatures on the days of annual extremes.
To identify a trend in these temperatures, the values per day are averaged for all stations together,
and then the annual average is calculated. Again, a linear trend is assumed to analyze this pattern.
However, assuming a linear trend does not account for fluctuations within the values themselves. Figure
4.15 shows that a seasonal trend is visible, which is neglected in this research by using only the linear
trend.

The final step involves an analysis of the temperature development during common and rare ex-
treme. As no extreme value analysis is applied to the temperature, the temperature during common
extremes is defined as the average temperature during the five lowest annual extremes, while rare
extremes are defined as the five highest annual extremes. While this definition indicates a difference
in precipitation extremes, it differs from the way common and rare precipitation extremes are defined in
previous analyses. Future studies could benefit from analysing the temperatures directly at the events
defined for a specific return level in, for example, the GEV, to ensure that the temperatures are more
closely aligned with the return levels obtained in the extreme value analysis.

5.4. Recommendations for further research

This study presents a comparative analysis of precipitation and temperature data from observation
stations in six Western European countries over the period 1951-2010. While this analysis utilises
all available precipitation observation data within this time frame, future research should consider ex-
panding the scope to include data from additional European countries and extending the time series.
Particularly, the past 14 years have seen notable extreme weather patterns, both in terms of precipita-
tion and temperature. Consequently, it would be valuable to investigate the Diare-common fOr this more
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recent period as well.

5.4.1. Driving factors of extreme precipitation

In this study, only a limited subset of the driving factors behind precipitation extremes was analysed,
focusing on the correlation with general temperature patterns in Western Europe and local temperatures
on the days of annual extremes. Further research should delve into additional precipitation-generating
mechanisms. Precipitation extremes are influenced by numerous factors beyond local temperature at
the precipitation site, making it worthwhile to investigate atmospheric water vapor, which determines the
precipitable amount of water (Kunkel et al., 2020). For this, the dew point temperature and the humidity
can be used. Other key factors include the temperature development in regions where precipitation is
generated, such as the Atlantic Ocean, and the atmospheric circulation patterns, which can affect the
behaviour of cloud systems.

This study includes a supplementary analysis of dew point temperature data. It is recommended
to extend this analysis by including additional countries and conducting a more in-depth examination
of dew point temperature trends. Specifically, it would be valuable to study hourly data for both precip-
itation and temperature. This approach would allow for a more precise correlation of local dew point
temperature at the moment of extreme precipitation events.

5.4.2. Other data sources

Given the limited availability of observation data due to short time series or the absence of precipitation
records numerous regions worldwide, alternative methods for estimating return levels become essen-
tial. One such method involved utilising satellite-derived data, which provides high spatial estimations
globally. However, a drawback of this approach is the relatively short time series length associated
with satellite data, which makes this type of data still unsuitable for the type of analysis conducted in
this study. Nevertheless, using other data types can be studied to explore the possibilities for research
in this field. An example of another data source is the Multi-Source Weighted-Ensemble Precipitation
(MSWEP) dataset. This product merges gauge, satellite and reanalysis data to obtain high-quality of
precipitation estimates at a 0.1 °resolution, with a global coverage (Beck et al., 2019).



Conclusion

The aim of this study was to examine historical daily precipitation data in Western Europe to determine
whether there is a difference in changes between common and rare precipitation extremes. Previous
studies, based on climate models, have predicted that under future climate change, the rare precip-
itation extremes will see the greatest relative increase in magnitude compared to the more common
extremes (Grindemann et al., 2022).

This study aimed to investigate whether this finding is evident in historical data from Western Europe
and whether these observations can be associated with changes in daily temperature. In this research,
rare extremes are defined as events with a return level of at least 100 years, whereas more common ex-
tremes are defined as a one-year return level. The difference in relative change for these return levels
are calculated based on the relative change of a specific return level estimated by three methods: the
Full series, the Generalized Extreme Value (GEV) and the Metastatistical Extreme Value (MEV) distri-
bution.

The results of this study indicate that, on average, historical precipitation extremes in Western Europe
have increased in magnitude between the periods 1951-1980 and 1981-2010. However, in the south-
ern regions of Western Europe, negative relative changes were observed, suggesting that precipitation
extremes became less extreme. Conversely, the highest relative increases were found in the north-
ern regions of Western Europe. Although the three different methods used in this study show some
local differences, they agree on the general pattern for Western Europe. The study obtained an area-
weighted average relative change in daily common precipitation extremes, ranging from 3.03% and
3.80%, based on the Full series method. The daily rare precipitation extremes have increased by
5.35% and 4.05%, based on, respectively, the GEV and MEV distribution. The estimated change in
rare extremes based on exclusively the time series length using the Full series method, presents a
change in the rare extreme equal to 3.88%.

The rarest precipitation extremes increased more relative to the common extremes, according to
the estimations of both the GEV and MEV method. The observed difference in relative change between
common and rare precipitation extremes equals 2.32%pt and 1.02%pt, respectively, for the GEV and
MEV. These values are area-weighted averages for Western Europe. This behaviour of the return levels
is statistically significant both for spatial and temporal variability. A comparison of relative changes
based on the time series length indicates no differences in relative change for return levels 0.1 and
10 years. Analysing regional variations reveals a varying pattern across different latitudes in Western
Europe, with the highest values in the northern regions, while the central part of Western Europe is
characterised, on average, by values close to 0%pt.

The mean daily temperature has increased for all regions in Western Europe between the two peri-
ods. The highest increase in the minimum temperature is observed in the northern region, while the
highest increase in maximum temperature is present in the most south regions. Regions in Western
Europe with a relatively high change in the minimum temperature show a greater relative change for
the rarest precipitation extremes compared to the more common ones, based on the MEV. According
to the GEV a small change in the maximum temperatures occurs in regions in which high values of
Drare-common are obtained. Both the minimum and maximum temperature on the days with annual ex-
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tremes have increased with an average rate of 0.019 and 0.022°C/year, respectively, despite a shift
from warmer to colder months in which annual extremes occur. It is observed that for both the minimum
and maximum temperature, a higher relative increase in temperature is observed during common an-
nual extremes compared to rare annual extremes, while the average temperature during these rare
extremes is higher.

To conclude, the differences in the relative changes between the magnitude of common and rare ex-
tremes in Western Europe varies at a rate between 0.08 and 2.32%pt, depending on the method used.
A significant correlation is obtained for the results of the GEV and MEV distribution and the change in
both the minimum and maximum temperature per region in Western Europe. The temperature at the
days of annual extremes has increased over the period 1951-2010, while this increase is higher during
common extremes compared with the temperature during rare extremes.
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Overview raw data

This appendix provides an overview of the data used for the analysis. There is some variation in
how meteorological institutes in West-Europe store their data, which makes it necessary to have a
comprehensive understanding of the data and the available parameters. The time frame for which
data is obtained spans from January 1, 1951 to December 31, 2010.

A.l. The Netherlands

Meteorological data in The Netherlands is available from the Royal Netherlands Meteorological Institute
(KNMI). The KNMI maintains a total of 469 weather stations with data for the specified time frame and 50
stations with temperature data. The data is provided in text file format(.txt) for each station separately.
The precipitation data includes daily precipitation an snow cover observations (KNMI, 2023). The data
files contains the following parameters:

+ STN: station ID
* YYYYMMDD: date (year, month, day)

* RD: daily precipitation amount in 0.1 mm over the period 08:00 preceding day - 08:00 UTC present
day (0.1 mm)

» SX: code for snow cover at 08:00 UTC

The snow cover (SX) indicates the type of snow as follows:

* 1-996: snow cover in cm

* 997: broken snow cover <1 cm
» 998: broken snow cover > 1 cm
* 999: snow dunes

To recalculate snow to liquid precipitation, the snow water equivalent (SWE) is an important parameter.
The KNMI does not provide measurements relate to SWE. As an indication, the snow can be recalcu-
lated using the rule '1 cm snow equals 1 mm precipitation’. If data for a given day is not measured,
the column contains five spaces. The data was validated by the KNMI every 10 days and updated
when the validated values became available. A comment by KNMI indicates that the temperature time
series are inhomogeneous due to station relocations and changes in observation techniques. Con-
sequently, these series are not suitable for trend analysis. However, a total of four weather stations
contain homogenized series, namely de Kooy, Eelde, de Bilt and Vlissingen.
The temperature data contains the following parameters:

* TG = daily mean temperature in (0.1°Celsius)
* TN = daily minimum temperature in (0.1°Celsius)
» TX = daily maximum temperature in (0.1°Celsius)

The coordinates of the observation stations are available in a separate file. The KNMI has chosen to
provide the coordinates with one decimal, which may not give the exact location of the stations.

48



A2. Germany 49

A.2. Germany

The meteorological institute in Germany is the Deutsche Wetterdienst (DWD), which provides time
series data via the Climate Data Center (CDC). The DWD offers precipitation and snow fall data for
Germany for 5537 weather stations and temperature data from 1058 stations. Several files are available
for each location (DWD, 2023). The precipitation time series data is delivered in files, named as follows:
‘produkt nieder tag 19510101 20061231 00001.txt’ for station number 1. A separate file, 'Parameter
nieder tag’, provides a description of all the parameters. It is stated that the time frame used until 1990
is 07:00 - 07:00 FT. GZ, and after 1990 the time frame is 07:30 - 07:30 FT. GZ. The following relevant
parameters are available:

» STATIONS ID: station ID

+ MESS DATUM: date in (YYYYMMDD)

» RS: daily precipitation (tgl. Niederschlagshoehe Messnetz 6 ) in (mm)
» SH TAG: daily snowcover in cm (Schneehoehe Tageswert)

* NSH TAG: daily new snowcover in cm (measured at 07:00-07:30 AM)

Another file is available with data labeled as incorrect, 'Metadaten Fehldaten’. This file contains an
overview of periods in which the data is incorrect or unavailable. The parameter is indicated along with
the station ID. The time frame of the 'fail data’ is specified as 'Von Datum’ until ‘Bis Datum’. Any part
the time series is removed that appears in this list is removed. In the data processing phase, the snow
data is added to the rainfall data. This achieved by using the NSH TAG parameter, which contains the
new daily snow cover. To account for the addition of snow to liquid precipitation, the difference between
the snow cover of consecutive days is used. If this value is negative, it indicates that the snow cover is
melting and contributes to liquid precipitation.

The temperature data is downloaded separately from the precipitation data and is available in .csv
format. For each station, a separate file is provided for the minimum and maximum temperature. The
files contain the following parameters:

» Produkt code: indicates the type of parameter (Tmax: OBS DEU P1D T2M X, Tmin: OBS DEU
P1D T2M N)

» Zeitstempel: date in (YYYY-MM-DD)
» Wert: value of the parameter in (°Celsius)

A.3. France

Météo France is the French Institute for Meteorology. The precipitation and temperature data is avail-
able in .csv files for the 101 departments in France. In total, 10060 observation stations are available
(Meteo France, 2023). The data is provided under the name 'Données climatologiques de base - quo-
tidiennes’. It is assumed that snow is included in the RR parameter, as for days with daily maximum
temperature below -2°Celsius do not always have an RR value of 0. It is assumed that the snowfall is
recalculated to its water equivalent.

The following relevant parameters are available:

* NUM POSTE: station id

LAT: latitude of the station

* LON: longitude of the station

*+ AAAAMMJJ: date in (YYYYMMDD)

* RR: Total daily precipitation sum (mm)

* TN: Minimum temperature in (°Celsius)

* HTN: Time of day of TN (HH:MM)

» TX: Maximum temperature in (°Celsius)

» HTX: Time of day of TX (HH:MM)

» TM: Daily average temperature in (°Celsius)

* QQR: Quality indication (0: Final quality check. Check by climatologist, 1: Automatic validated
data, 2: Data labeled as unreliable by automatic system, 9: Filtered data)
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A.4. Sweden

The SHMI (Sweden Hydrological and Meteorological Institute) provides historical data from its obser-
vation stations (SHMI, 2023). Stations can be filtered based on non-active/active stations. Only active
stations are utilized in this study. A total of 554 active stations are available for data retrieval. According
to the description on SHMI website, the precipitation data includes rainfall, snow and hail (SHMI, 2023).
The following relevant parameters are available for the precipitation data:

* Fran Datum Tid (UTC): start date and time (DD-MM-YYYY HH:MM)
+ Till Datum Tid (UTC): end date and time (DD-MM-YYYY HH:MM)

» Representativt dygn: Representative day (DD-MM-YYYY)

» Nederbdérdsmangd: Total daily precipitation sum (mm)

» Kvalitet: quality indication (G: checked and approved values, Y: Suspicious or aggregated values.
Roughly controlled archive data and uncontrolled real-time data (last 2 hours))

For the temperature the same parameters are available for the general information. The temperature
is stated as follows:

* Lufttemperatur min: Minimum daily temperature (°Celsius)
* Lufttemperatur max: Maximum daily temperature (°Celsius)

These temperature data is available in separate .csv files for a total number of 224 stations.

A.5. Spain

Precipitation en temperature data from Spain is available from the AEMET (Agencia Estatal de Meteor-
ologica). The data used in this research dates from 2012, as data has not been freely available since
that year. The data comprises separate .csv files for each of the 114 observation stations (AEMET,
2012). Snow data is not available. The date is stated in three separate column:s Ano (year), Mes
(month) and Dia (day). Missing data is stated as ’Ip’ or 'Acunm’.

The following relevant parameters are available:

* Indicativo: station ID

» Prec: Total daily precipitation sum (mm)
+ T.max: Maximum Temperature (°C)

* T.min: Minimum Temperature (°C)

» T.med: Average Temperature (°C)

The precipitation and temperature data is available in one file.

A.6. Norway

The data is sourced from the Norwegian Meteorological Institute (MET). Approximately 2000 stations
are accessible, with 1364 located within Norway. Some stations downloaded are located outside of
Norway. The data compromises precipitation values in mm along with a corresponding quality code.
The quality code is equal to 0, 1 or 2, where 0 signifies high-quality data, 1 indicates minor issues, and
a value of 2 denotes significant errors or missing data.

The following relevant parameters are available:

* elementld: parameter

« value: corresponding value for the parameter

* unit: unit of the given value

+ timeOffset: PT6H or PT18H, value for the different timeframes (PT6H: time frame starts at 6:00
AM)

* referenceTime: date and time (YYYY-MM-DD HH:MM:SS)

* sourceld: station ID

The precipitation and temperature data is downloaded separately.
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Performance Extreme Value Analyses

The results obtained from the GEV and MEV distributions can strongly be influenced by the character-
istics and behaviours of these methods. Therefore, it is essential to analyse and describe the perform-
ance of both methods to comprehend the final outcomes. Both the GEV and MEV methods extrapolate
the available data to estimate values for higher return periods. To visualise the fitting process and its
implications, distributions are plotted for eight stations across different countries (see Appendix B). An
example of such a plot s illustrated in Figure C.1, which depicts the relative behavior of both fits for each
method. The plots demonstrate the relative behaviour of both fits for each method. The GEV shows
a behaviour which corresponds with the fact that rarer extremes became more extreme compared to
common extremes, as the distance between the fits becomes bigger for an increasing return period.
The fits of the MEV explain why the difference in relative change for this method are not deviating a lot
from 0. The lines show that the precipitation events became extremer in the second period (blue line),
but the distance between both lines does not change, which indicate a D value close to zero. For other
stations this pattern is approximately equal (see Appendix B).
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Figure C.1: Visualisation of the fits for the Full series, GEV and MEV for the station 740 in The Netherlands. Red lines
indicates the fit for the first period 1951-1980. The blue line is the fit for the second period 1981-2010. The red and blue x’s are
the annual maxima for the corresponding periods. These annual maxima are the input for the GEV distribution.

C.1. GEV analysis

In the statistical significance test, it was evident that the GEV distribution has the highest standard de-
viation and the most extreme outliers compared to the other methods (see Figure 4.7). Therefore, it is
worthwhile to check the behaviour of the data associated with these highest relative changes. Specific-
ally, an analysis was conducted on the 10 stations with the highest relative change for the return level of
100 years. To assess the impact of outliers in the data from these specific stations, bootstrapping was
employed. This technique involved randomly sampling from the 30 annual precipitation extremes, for
which the GEV distribution was calculated, and repeating this process 1000 times. Figure C.2 illustrates
the boxplots resulting from this bootstrapping. It is notable that the boundaries of the boxplots, particu-
larly for the stations 'Sweden 92530’, 'Sweden 97520’, and 'Germany 5320’, are extensive. However,
upon analysing the full time series of these stations (detailed in Appendix D.2), it was observed that
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the data does not exhibit any unrealistic characteristics. Consequently, these stations were deemed
suitable for inclusion in the analysis. Further examination of the time series from these three stations
revealed that the second period (1981-2010) encompassed a few extreme precipitation events with
values reaching 80-100 mm/day. Given that the GEV fit for this second period is heavily influenced by
these 'extreme’ events, it becomes apparent why the extreme D value was observed.
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Figure C.2: Boxplots of bootstrapping the 10 highest outliers in the Cyg) 100 for the periods 1951-1980 and 1981-2010

The effect of overfitting due to only a few numbers of extremes, is visualised in Figure B.5 for a station
in Spain. For this location, period 1 (1951-1980) contains several high extremes compared to period
2 (1981-2010). Consequently, the red line representing the GEV fit for period 1 appears to overfit
significantly when contrasted with the fit for period 2. This discrepancy leads to substantial relative
changes for the higher return periods. Although this phenomenon is observed for just one station, it
underscores the influence of the GEV distribution on estimating relative changes for high return levels.

C.2. MEV analysis

The performance of the MEV method was evaluated by examining outliers and the parameters derived
to achieve the fit. Initially, the MEV results revealed an extreme outlier that significantly impacted the
histogram. To evaluate the behaviour and ascertain the cause of this outlier, the time series of the
associated station was plotted (Figure D.1). This visualisation revealed unrealistic patterns in the data.
Consequently, the data from this station was excluded from the analysis to prevent its influence on the
MEV analysis.

To gain further insight in the performance of the MEV distribution, the underlying parameters are
visualised. The relative change for a specific return level can be influenced by variations in paramet-
ers such as the number of wet days (N), the scale parameter (C), or the shape parameters (W). As
expected, the parameters for period 1 and period 2 are approximately the equal (Figure C.3). The
number of wet days (N) are slightly higher for period 2 compared to period 1, while the scale parameter
(C) is only increased by 0.2. In previous studies (Grindemann et al., 2022) it was suggested that the
observed trend of rare extremes increasing relatively more than common extremes could be attributed
to a decrease in the number of wet days coupled with an increase in the shape parameter (C).However,
based on the data analyzed in this study, the number of wet days is actually increasing, while the shape
parameter (C) remains relatively stable. Additionally, another behavior that could explain a positive D
value is a decrease in the shape parameter (W). However, the decrease observed in this parameter
(0.8%) is insufficient to account for the D value. The fact that the MEV distribution results in a stable
D value for all return levels (Figure 4.6, orange line), is related to the fact that for both periods 1 and 2
the fitted line behaves the same. can be attributed to the fact that the fitted lines for both periods 1 and
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2 exhibit similar behavior. Moreover, for all return levels, the values of approximately 4% for Creimev
indicate a consistent increase in extreme precipitation. However, this increase is uniform across all
return levels, suggesting that the method does not differentiate between common and rare extremes.

N period 1 C period 1 W period 1
Median: 121.00, Std Dev: 29.67 Median: 6.51, Std Dev: 2.04 Median: 1.15, Std Dev: 0.14
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Median: 126.00, Std Dev; 28.79 Median: 6.71, Std Dev: 1.87 Median: 1.14, Std Dev: 0.13

Figure C.3: Histogram of MEV parameters for period 1 and period 2.



Overview quality check data

D.1. Outliers MEV

The analysis of the MEV showed high outliers, which effect the final result. Checking the data of this

station it is seen that the standard quantity and quality check did not account for this type of wrong
data.

Time series station Germany_1346 which show unrealistic results in the analysis
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Figure D.1: Time series of station in Germany which show outlier in the MEV analysis. Plotting the data shows a unreliable
time series in the showed time frame. For months the daily precipitation is around 60 mm, which is not realistic, especially
compared with stations close to this location.

D.2. Outliers GEV
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Figure D.2: Time series of station in Sweden which show outlier in the GEV analysis.
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Figure D.3: Time series of station in Sweden which show outlier in the GEV analysis.
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Figure D.4: Time series of station in Germany which show outlier in the GEV analysis.



Extra overview of station locations

E.0.1. Stations with both precipitation and temperature data

Table E.1: Overview data availability after quantity and quality control. The second column contains the source of the data for
each country. Per country the number of stations with precipitation and temperature data is given, with the density of these
stations with respect to the total area of the country. The last row contains the total number of precipitation and temperature

datasets.
Country stationsPand T P (km?/station)
Netherlands 5 8370
Germany 122 2931
France 84 6568
Sweden 16 28143
Norway 13 29631
Spain 27 18741
Total 267
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Figure E.1: Geographical visualization of all observation stations used in the temperature analysis for temperature during
annual extremes and the common and rare extremes.

E.0.2. Stations dew point temperature
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Figure E.2: Geographical visualization of all observation stations used in the dew point temperature analysis. Data is collected
from Sweden, The Netherlands and Germany.
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