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Abstract. Extreme precipitation is a weather phenomenon with tremendous damaging potential for property and human life.

As the intensity and frequency of such events is projected to increase in a warming climate, there is an urgent need to advance

the existing knowledge on extreme precipitation processes, statistics and impacts across scales. To this end, a working group

within the Germany-based project ClimXtreme, has been established to carry out multidisciplinary analyses of high-impact

events. In this work, we provide a comprehensive assessment of the 29 June 2017 Heavy Precipitation Event (HPE) affect-5

ing the Berlin metropolitan region (Germany), from the meteorological, impacts and climate perspectives, including climate

change attribution. Our analysis showed that this event occurred under the influence of a mid-tropospheric trough over western

Europe and two short-wave surface lows over Britain and Poland (Rasmund and Rasmund II), inducing relevant low-level wind

convergence along the German-Polish border. Over 11000 convective cells were triggered, starting early morning 29 June, dis-

placing northwards slowly under the influence of a weak tropospheric flow (10 m s−1 at 500 hPa). The quasi-stationary situation10

led to totals up to 196 mm d−1, making this event the 29th most severe in the 1951-2021 climatology, ranked by means of a

precipitation-based index. Regarding impacts, it incurred the largest insured losses in the period 2002 to 2017 (C60 Mill) in the

greater Berlin area. We provide further insights on flood attributes (inundation, depth, duration) based on a unique household-
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level survey data set. The major moisture source for this event was the Alpine-Slovenian region (63 % of identified sources)

due to recycling of precipitation falling over that region 1 day earlier. Implementing three different Generalized Extreme Value15

(GEV) models, we quantified the return periods for this case to be above 100 years for daily aggregated precipitation, and up to

100 years and 10 years for 8 h and 1 h aggregations, respectively. The conditional attribution demonstrated that warming since

the pre-industrial era caused a small, but significant increase of 4 % in total precipitation and 10 % for extreme intensities. The

possibility that not just greenhouse-gas-induced warming, but also anthropogenic aerosols affected the intensity of precipita-

tion is investigated through aerosol sensitivity experiments. Our multi-disciplinary approach allowed us to relate interconnected20

aspects of extreme precipitation. For instance, the link between the unique meteorological conditions of this case and its very

large return periods, or the extent to which it is attributable to already-observed anthropogenic climate change.

1 Introduction

According to the World Economic Forum Global Risks Perception Survey (Forum, 2020), extreme weather is the number one

risk by likelihood and one of the top four risks by impact. One of the most impactful weather types is extreme precipitation,25

which yearly causes local ecosystems and urban areas to suffer important damages and casualties. The probability of occurrence

and magnitude of this extreme weather is projected to increase in northern and central Europe in a warming climate, as assessed

by the 6th Assessment Report of the Intergovernmental Panel on Climate Change (Douville et al., 2021).

The interaction of processes across scales hampers our comprehension and prediction of Heavy Precipitation Events (HPEs).

Extreme precipitation will occur only under favourable synoptic-scale conditions (Brieber and Hoy, 2018) with sufficient30

moisture transport (Davolio et al., 2020; Caldas-Alvarez et al., 2021), and atmospheric instability (Khodayar et al., 2021),

fostered by propitious phases of climate modes (Ehmele et al., 2020). This complexity is further amplified if the impacts of

heavy precipitation are to be addressed. In addition to the intensity of the hazard, the impact of an event depends on the exposure

and vulnerability of the affected area (Alfieri et al., 2015). This is why multidisciplinary, forensic analysis is a powerful means

to deal with the complex interactions underlying an HPE and its impacts. Forensic analysis consists of addressing different35

aspects of heavy precipitation jointly, so that the interconnections between different findings can be identified. For instance,

Bronstert et al. (2018) investigated the Braunsbach flood in 2016, a flash flood event in a sparsely observed area, analysing the

damages in the built-up area as well as its geomorphological impacts. Kunz et al. (2013) analysed Hurricane Sandy in 2012,

combining an in-depth assessment of its impacts with the usage of information from social networks for event reconstruction.

Gochis et al. (2015) and Milrad et al. (2015) presented detailed post-event analyses using measurements, operational data40

products and application of models especially suited for widespread events in well-observed areas for the Colorado and Alberta

floods (2013), respectively. Finally, other studies (e.g., Eden et al., 2016) have complemented forensic studies with climate

change attribution experiments.

The favourable synoptic conditions for HPE development in central Europe have been assessed in previous literature. Werner

and Gerstengarbe (2010), using weather pattern classification, concluded that summer HPEs over Central Europe are often45

caused by three synoptic situations, a Trough over Central Europe (Tr), low pressure over Central Europe (TM) and a Trough
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over West Europe (TrW), see also Wulfmeyer et al. (2011). Brieber and Hoy (2018) found the highest probabilities for heavy

precipitation events in central Germany when a TrW pattern is present, favouring the development of large-scale systems such

as Vb-like cyclones or heat lows and prefrontal convergence zones. Depending on the location of the small-scale disturbances,

warm and moist air masses are transported from southern Europe towards Germany. When temperatures are already very high,50

the resulting increased CAPE leads to localized extreme precipitation (Bronstert et al., 2018).

A full understanding of the meteorological drivers and (small-scale) physical processes of extreme precipitation can bene�t

from high-resolution observations and model simulations. Numerical models offer a robust tool to simulate extreme precip-

itation events with �ne-scale spatio-temporal detail. Furthermore, numerical models can also be used to create climate time

series long enough to capture multi-decadal variability and numerous extreme events (Ehmele et al., 2020; Pichelli et al.,55

2021). Over the last decade, increased computing power has seen the growing use of kilometre-scale "storm-resolving" or

convection-permitting models (CPMs; Berg et al., 2012; Barthlott and Hoose, 2015; Schwitalla et al., 2020; Stevens et al.,

2020; Lucas-Picher et al., 2021), in which spatial resolution is suf�ciently high (� x < 3 km) to explicitly simulate deep con-

vection. CPMs have thus shown added value for the simulation of sub-daily extreme precipitation intensities, their spatial extent

and duration, as well as their diurnal cycles (Kendon et al., 2012; Warrach-Sagi et al., 2013; Fosser et al., 2014; Stevens et al.,60

2020; Meredith et al., 2021). This added value offers important utility for climate-change attribution studies since CPMs give

a better representation of convective extremes and are thus more reliable for detecting their climate-change response (Prein

et al., 2013, 2015; Ban et al., 2021).

The impacts of extreme precipitation and the resulting pluvial �ooding on society can include the loss of life, physical

damage to assets such as buildings or infrastructure, as well as intangible consequences such as health impacts or traf�c65

disruptions (Merz et al., 2010; Rözer et al., 2016). The impacts depend on the hazard intensity, the exposed assets and their

vulnerability (Kron, 2005). The hazard level itself is a function of meteorological factors, e.g. precipitation intensity or affected

area. The exposure and vulnerability depend on aspects such as the inundation depth, the topography, the degree of sealing of

surfaces, or the sewer system capacity (Kron, 2005; Smith et al., 2015).

To analyse the associated impacts, not only meteorological data is crucial, but also targeted information collected during70

or after an event, e.g. damage to buildings and contents. Such data can be collected, for example, through surveys of affected

households or through assessments by loss surveyors during insurance claim validation (Spekkers et al., 2014, 2017; Van

Ootegem et al., 2015, 2018; Rözer et al., 2019). However, when analysing damage records, it is important to consider that

results depend on how the affected society understands, records, and remembers those impacts (Kuhlicke et al., 2020). The

case under study here, the 29 June 2017 HPE in the metropolitan Berlin area (Germany), has been investigated before based on75

survey data of affected households in Berlin-Brandenburg. Berghäuser et al. (2021) and Dillenardt et al. (2021) addressed the

tangible and intangible consequences of extreme precipitation and associated pluvial �ooding for households for this event,

respectively, but a focused analysis comparing its impacts to those of similar HPEs in the climatology is still lacking.

From the climate perspective, information on how the frequency of HPEs has changed in the recent climate is demanded by

interested stakeholders. This can be provided through estimation of probabilities of exceedance or return periods for speci�c80

events. Generalized Extreme Value (GEV) models can be �tted to a climate observational precipitation dataset to derive this
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information (Wilks, 2006). Previous studies have provided estimations of return periods for similar events, �nding extreme

values of over 200 years for the Seine river �ooding (France) in 2016 (Philip et al., 2018), the Braunsbach �ooding (southern

Germany) in 2016 (Piper et al., 2016) and the three-week �ooding in Germany in 2018 (Mohr et al., 2020). The �ooding in

July 2021 in the Ahr, Erft and Meuse rivers, was analysed by Kreienkamp et al. (2021), who found that an event of similar85

meteorological characteristics can be expected in the present climate in Central Europe once every 400 years.

Also at the climate scale, extreme event attribution has proven useful to estimate how the severity and/or likelihood of an

event has been affected by anthropogenic in�uences (Allen, 2003; Stott et al., 2004; Otto, 2017). Anthropogenic in�uence

typically refers to climate change, but could also include, e.g., land-use changes (Sebastian et al., 2019) or changes in atmo-

spheric pollutants (Liu et al., 2020). To this end there are two mainly-used approaches. The �rst approach is probabilistic event90

attribution, which consists of simulating how the dynamics of the climate system evolve under climate change. It can therefore

be used to detect signi�cant changes in the severity and frequency of extreme events. This technique, however, is applicable

to model data with a relatively coarse resolution and is, therefore, best suited for attribution studies of large-scale events. The

second approach is conditional event attribution (Trenberth et al., 2015), which evaluates to what extent observed climate

change may have impacted the magnitude of an event. The attribution is thus conditional on the presence of a given dynamical95

situation, and implies that thermodynamic changes due to climate change have been demonstrated. However, a limitation of

this approach is that changes in the probability of the event's underlying dynamical situation cannot be determined.

The research presented here has been carried out in the framework of the Germany-based project Climate change and eX-

treme events (ClimXtreme), which brings together governmental and research institutions in the �elds of atmospheric physics,

statistics, impact studies and computing. This framework facilitates the multi-disciplinary approach of this study, where in ad-100

dition to the usual communication and collaboration tools, the ClimXtreme Central Evaluation System (XCES) (Kadow et al.,

2021) has allowed centralized consultation and analysis of all the data within the project.

The aim of this study is to provide a comprehensive assessment of the 29 June 2017 HPE in the area of Berlin (Germany) from

the meteorological, impacts and climate perspectives, including climate change attribution. The paper is structured as follows:

in Sect. 2 we present the observational and modelling datasets used, in Sect. 3, the particular techniques and methodologies105

used are introduced. Section 4 shows the main analyses and outcome of our work and in Sect. 5 we present our conclusions

and outlook.

2 Data sets

2.1 Observations

REGionalisierte NIEederschlaege (REGNIE)110

REGNIE is a gridded data set of 24-hour totals (from 06 UTC to 06 UTC) based on approximately 2,000 rain gauges distributed

across Germany. A post-processing is applied to station data for regridding to a 1� 1 km2 mesh taking into account elevation,

exposure and climatology, avoiding smoothing observed precipitation extremes (Rauthe et al., 2013; Hu and Franzke, 2020).

The data are provided by the German Meteorological Service (Deutscher Wetterdienst, DWD) from 1951 for all of Germany
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(for the former West Germany, the daily values are available since 1931). The long-term availability of REGNIE is its main115

advantage for climate studies.

RADar KLIMatologie (RADKLIM)

RADKLIM is a precipitation climate data set derived from the C-band radar network (17 radar sites) operated by DWD.

The data set comprises two products; the gauge-adjusted one-hour precipitation sum (RW) and the quasi gauge-adjusted �ve-120

minute precipitation rate (YW), with1� 1 km2 resolution. The data are post-processed using the Radar-Online-Aneichung

(RADOLAN) method, correcting existing artifacts by adjusting precipitation sums from the radar with precipitation measure-

ments from rain gauge stations (Bartels et al., 2004). Due to the dense spatial and temporal resolution, RADKLIM detects

short-term, convective extreme intensities frequently missed by station data (Lengfeld et al., 2020; Winterrath et al., 2017).

125

Deutscher Wetterdienst (DWD) stations

Daily precipitation measurements from the DWD high-density network were used as reference. The data are quality controlled,

but a continuous homogenization is not applied. Hence, the data could be subject to partial inhomogeneities, such as station

relocations or changes in the instrumentation (Kaspar et al., 2013). The DWD high-density network has a high accuracy and

resolution (Kaspar et al., 2013) and therefore we select it for validation. Nonetheless, this dataset is used for deriving the130

REGNIE gridded product and for adjusting RADKLIM which makes these data sets dependent. We concede this dependency

to pro�t from the best rain gauges product available in the region.

EUropean Cooperation for LIghtning Detection (EUCLID)

The lightning activity in and around Berlin is investigated with data from the ground-based low-frequency lightning detection135

system EUropean Cooperation for LIghtning Detection (EUCLID) network, which covers the whole European continent (Drüe

et al., 2007; Schulz et al., 2016; Poelman et al., 2016). Cloud-to-ground strokes are used to illustrate the temporal development

of convective activity during the extreme event, similar to Piper and Kunz (2017) and Wilhelm et al. (2021). The spatial

resolution of EUCLID has been improved to less than 90 m in the year 2016 due to algorithm optimizations (Schulz et al.,

2016).140

CAtalogue of Radar-based heavy Rainfall-Events (CatRaRE)

The RADKLIM data set at1 h and1� 1 km2 km resolution (RW) was used as the basis to derive an HPE catalogue for Germany

(CatRaRE) for the period 2001 to 2020. Here we use Version 2017.002 (Lengfeld et al., 2021a, b), including precipitation sums

with 11 different accumulation periods (1, 2, 3, 4, 6, 9, 12, 18, 24, 48 and 72 hours). For each duration and time step, extreme145

events are detected based on the DWD Warning Level (WL) 3 for severe weather, or if they have a return period of 5 years.

The duration in hours, the affected area in km2, the location (county and community), the maximum and mean precipitation

amount in mm as well as affected residents in the event area and further meta information is included.
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Figure 1. a) Spatial extent of the used data sets REGNIE, RADKLIM, COSMO-REA6, WRF-1.5km, ICON-625m and COSMO-CLM-2.8.

b) Close-up view of Berlin and surroundings, as well as the DWD stations used for validation (crosses), the location of surveyed events from

Table 1 (red dots) and the Berlin-Tempelhof station analysed in Figure 11 (blue dot), Basemap: Global Land One-kilometer Base Elevation

(GLOBE) (Hastings et al., 1999).

2.2 Reanalyses

ERA5150

ERA5 data are used to identify and track the low pressure systems, �nd moisture sources and force numerical simulations. This

is the �fth generation of the European Center for Medium-Range Weather Forecasts' (ECMWF) atmospheric reanalysis of the

global climate (Hersbach et al., 2020). It has a spatial resolution of31� 31km2 and is available from 1950 to present at hourly

resolution. ERA5 is based on the Integrated Forecasting System (IFS) and uses a 4D-Var assimilation scheme, assimilating

different observation types. ERA5 has demonstrated a good performance in representing heavy precipitation (Keller and Wahl,155

2021).

COSMO-REA6

COSMO-REA6 is a regional reanalysis product for the European CORDEX domain, developed by University of Bonn and

the Hans-Ertel-Centre for Weather Research. It has a 6 x 6 km horizontal resolution and is available from Jan 1995 to Aug160

2019. It is based on the NWP-system COSMO and uses a nudging scheme for data assimilation. Subgrid-scale convection is

parameterized with the Tiedtke scheme (Tiedtke, 1989) and precipitation from meteorological stations or radar is not assim-
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ilated (Bollmeyer et al., 2015). COSMO-REA6 has shown low biases for extreme precipitation compared to other reanalysis

products (Keller and Wahl, 2021).

2.3 Convection Permitting Models165

Weather Research and Forecasting (WRF)

WRF model version 4.2.1 (Skamarock et al., 2021) at a convection permitting resolution of 1.5 km with 100 vertical levels

is used. The model domain covers central Europe (Fig. 1a) and the simulation was initialized with the operational ECMWF

analysis at 00 UTC on 29 June 2017 (12 hours before the event). Lateral boundary conditions were provided every 6 hours. The

setup of the physical parametrizations is similar to Schwitalla et al. (2021) except that 1) the Mellor–Yamada–Nakanishi–Niino170

(MYNN) planetary boundary layer parametrization (Nakanishi and Niino, 2006, 2009; Olson et al., 2019) is applied, and 2)

the microphysics scheme of Thompson and Eidhammer (2014) is used. Land cover maps have been updated using the high-

resolution European Space Agency Climate Change Initiative (ESA CCI) data set (ESA, 2017). In addition, the green vegetation

fraction and leaf area index (LAI) have been adjusted for 2017 by means of the Copernicus Global Land Service portfolio 1

km resolution data sets (https://land.copernicus.eu/global/). Finally, high-resolution soil texture data from Poggio et al. (2021)175

(https://soilgrids.org) were used.

Consortium for Small Scale Modelling in CLimate Mode (COSMO-CLM)

COSMO-CLM version 5.0_clm16 is run at a convection-permitting resolution of 0.025°. The model has 461� 421� 50

gridpoints (lat/lon/height), a model top at 22.7 km and a relaxation zone of 50 km. Hourly lateral boundary conditions include180

cloud ice, cloud water and cloud graupel, and are provided by ERA5-forced 0.11° simulations (Section 3.6). Deep convection

is treated explicitly and shallow convection is parametrized with a modi�ed Tiedtke scheme (Tiedtke, 1989). A full description

of all model physics is found in Baldauf et al. (2011).

Icosahedral Non-hydrostatic Model (ICON)185

The ICON simulations follow Costa-Surós et al. (2020) and were initialized with the operational ECMWF analysis (IFS

data) at 00 UTC on 29 June 2017 and lateral boundary conditions are provided every 6 h. For analysis, the daytime period

between 06:00 and 20:00 UTC is chosen.

3 Methods

This section introduces the methods used in the different aspects of the analysis.190

3.1 The Precipitation Severity Index (PSI)

We use the Precipitation Severity Index (PSI; Caldas-Alvarez et al., 2022) to detect extreme precipitation events according

to three different but complementary characteristics of heavy precipitation: intensity, spatial extent and persistence. The PSI
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in its current form is an adaptation of the Storm Severity Index (SSI; Leckebusch et al., 2008; Pinto et al., 2012) and is a

unitless index that indicates the degree of daily precipitation severity with respect to a predetermined climatological threshold195

(in our case the 80th percentile). Large PSI values represent high intensity, geographically extensive and temporally persistent

precipitation events.

3.2 Lagrangian convective cell tracking

We perform Lagrangian convective cell tracking for the years 2001 to 2020 for a region of 200 x 200 km centered over Berlin.

Pixels of YW RADKLIM radar data exceeding a threshold of 8.12 mm/h were identi�ed as convective cells (Purr et al., 2021).200

The displacement of the cell is projected applying the 700 hPa wind of ERA5. If in the consecutive timestep a convective cell

has been found in the area de�ned by a search radius around the projected position, both cells are assigned to the same cell

track. If multiple cells are found within the search radius, the cell with the minimum distance is assigned to the cell track.

3.3 Lagrangian moisture backward trajectories

We calculate Lagrangian backward trajectories following Sodemann et al. (2008), based on ERA5 reanalysis data (Hersbach205

et al., 2020), in a mid-European region around the center of maximum precipitation (red box in Fig. 9). We start the trajectories

from 1000 hPa to 200 hPa in steps of 50 hPa for every hour of 29 June 2017, with a horizontal grid spacing 80 km and going

back 240 h in time. From all trajectories, we selected those that have a relative humidity of at least 80 % in the target box

and for which the speci�c humidity decreases during the last time step (precipitation) (Sodemann et al., 2008; Grams et al.,

2014). Along each selected trajectory, moisture uptake has been computed based on hourly speci�c humidity increases in210

the planetary boundary layer associated with evapotranspiration from the surface. The boundary layer height is available as a

diagnostic model variable in the ERA5 data set and, again following Sodemann et al. (2008), is multiplied by a factor of 1.5 to

account for potential uncertainties in this diagnostic estimate. These uptakes have been weighted according to their contribution

to the precipitation (moisture loss) at the target location, taking into account that earlier moisture uptake may contribute less

due to precipitation loss on their way to the target region.215

3.4 Household surveys for impact evaluation

To assess the overall losses caused by the 29 June 2017 HPE, we review reports from the German Insurance Association

(GDV), which published loss estimates for severe extreme precipitation events in Germany in the period 2002-2019 (GDV,

2018, 2020, 2021), and other technical reports (Hydrotec et al., 2008). At the household level, we use losses, �ood-duration

and �ood-depth data derived from household surveys in Berlin and Brandenburg (Dillenardt et al., 2021). We furthermore use220

survey data from private households in Hersbruck (affected in 2005), Lohmar (affected in 2005), Osnabrueck (affected in 2010)

(Rözer et al., 2016) and Muenster (affected in 2014) (Spekkers et al., 2017). In the surveys, affected households were asked,

inter alia, when they were last affected by heavy rain and what impact they suffered. The results of the surveys are based on

the responses of those households and are thus subjective.
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3.5 Generalized Extreme Value (GEV) statistics225

The standard GEV distribution applied to heavy precipitation in this work is given by Coles (2001):

G(R) = exp

 

�
�

1 + �
�

R � �
�

�� � 1=�
!

, (1)

where� denotes the location parameter,� the scale (� > 0) and� the shape parameter. A special case of the standard distri-

bution (Eq. 1) is the Type I or Gumbel distribution (Gumbel, 1958) obtained in the limit� ! 0 used as well in previous works

(e.g. Grieser et al., 2007; Svensson and Jones, 2010; Van den Besselaar et al., 2013; Maity, 2018; Piper et al., 2016):230

F (R) = exp
�

� exp
�

� � R
�

��
: (2)

This simpli�cation allows estimation of the two free GEV parameters� and� by means of the Method of Moments, which

is less computationally intensive and has been proven useful in the past (e.g. Svensson and Jones, 2010; DWA, 2012; Piper

et al., 2016). Characteristic of the Gumbel distribution is an exponential decay of the probability density function, meaning

that only two free parameters of the GEV-�t have to be estimated. However, the Gumbel is not a heavy-tailed distribution and235

is characterised by constant skewness and kurtosis.

We �t block maxima series to Eqs. 1 and 2 obtained by splitting the sample into non-overlapping intervals of the same

size and then taking the maximum value of each interval. Previous studies have demonstrated that the annual block maxima

approach is suitable for mid-latitude precipitation series (Kharin and Zwiers, 2000; Rust, 2009). We specify the uncertainty of

the models by using 95 % con�dence intervals obtained from 1000-fold bootstrapping (re-sampling with replacement) from the240

maxima series of the original data set (Efron and Tibshirani, 1993), following the ordinary non-parametric bootstrap percentile

method of Mélèse et al. (2018). From these 1000 samples the 2.5 % and 97.5 % quantiles of the wanted property (either return

periods or return values) indicate their con�dence boundaries.

We further implement a duration-dependent (d-GEV) model with 7 parameters, which covers different durations to achieve

a more ef�cient usage of observations. This way, information about short time scales (minutes to hours), can be derived,245

to a certain extent, from information of longer time scales (hours to days). Duration-dependency is incorporated into the

GEV in order to reduce assumptions about the underlying distribution and have a free shape parameter� in the GEV (Coles,

2001). Another reason for using the GEV instead of one of their special cases, is that Gumbel, as well as the other two GEV

special cases Fréchet and Weibull, require large data sets to ful�l the limiting theorem for large block sizes (Papalexiou and

Koutsoyiannis, 2013). The d-GEV includes all three types and is a good choice if block size does not reach the asymptotic250

regime required for Gumbel. A duration-dependent GEV (d-GEV) as suggested by Koutsoyiannis et al. (1998) and re�ned by
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Fauer et al. (2021) is introduced by varying the characteristic parameters of the GEV:

Gd(R;d) = exp

 

�
�

1 + �
�

R � � (d)
� (d)

�� � 1=�
!

, (3)

� (d) = � 0(d+ � ) � ( � + � 2 ) + � ,

� (d) = ~� (� 0(d+ � ) � � + � ) ,255

� = const. ,

where~� is the re-scaled location parameter,� 0 is the scale offset,� is the duration offset,� 1 and� 2 are duration exponents and

� is the intensity offset. Parameters were estimated with Maximum Likelihood Estimation (MLE), a �exible and ef�cient pa-

rameter estimation method which is known to provide asymptotically unbiased and smallest-possible variant estimates (Coles,

2001; Davison and Huser, 2015). However, MLE is more computationally expensive than the method of moments. Jurado260

et al. (2020) justi�ed the use of the MLE for duration-dependent extreme precipitation studies as the explicit consideration of

the dependence between durations in a model leads to only marginal differences in estimation. Thed-GEV has been recently

applied successfully by Ulrich et al. (2020).

3.6 Conditional event attribution with CPM

For the conditional climate-change attribution experiment (Section 4.5), high-resolution ensembles (17 members) of the event265

under present and pre-industrial conditions are simulated with the COSMO-CLM (Rockel et al., 2008). For the present climate,

ERA5 reanalysis (Hersbach et al., 2020) is dynamically downscaled to 0.11° for 17 members (Fig. S3) using the domain-shift

ensemble technique (e.g. Rezacova et al., 2009; Noyelle et al., 2019). All members are then further dynamically downscaled

to a convection-permitting 0.025° resolution over a geographically-�xed sub-domain (see Section 2.3). To create the pre-

industrial ensemble, the warming signal since the pre-industrial period, here taken as 1850-1859 versus 2007 - 2016 (over270

the 0.11° domain), is �rst computed from a subset of 17 Coupled Model Intercomparison Project Phase 6 (CMIP6) models

(O'Neill et al., 2016). The warming signal (Fig. 12a) is then subtracted from the ERA5 initial and boundary conditions of

the 0.11° simulations (surface temperatures are modi�ed based on the warming signal at the lowest model level). A similar

procedure is repeated for soil temperature. The atmospheric moisture content is adjusted based on the assumption that relative

humidity remains constant. Pressure at the COSMO-CLM height-levels is adjusted by numerically integrating the hydrostatic275

balance equation downwards from the model top (Kröner, 2016). The 0.11° and 0.025° simulations are initialized on 28 June

at 12:00 and 23:00 UTC, respectively, giving suf�cient spin-up and adjustment time prior to the analysis period of 07:00 to

22:00 UTC the following day (chosen based on the analysis in Fig. S4). The attribution analysis consists of comparing the

precipitation between the 0.025° ensembles with the pre-industrial ensemble as the reference state. COSMO-CLM model

settings are as described in Meredith et al. (2021). Further details of the simulations and the CMIP6 models can be found in280

the supplementary material.
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3.7 Aerosol sensitivity experiments

Simulations with the ICOsahedral Non-hydrostatic (ICON) atmospheric model were conducted to examine the possible role

of anthropogenic aerosols in the analysed event. The model domain covered central Europe (Fig. 1), for which one-way nested

simulations at resolutions of 625 m and 1.25 km, respectively, are produced with 90 vertical levels. Two hectometer ICON285

simulations are carried out with two different imposed concentrations of cloud condensation nuclei, i.e. one with low con-

centrations, corresponding to current conditions (CLN), and one with elevated aerosol concentrations (POL), corresponding

approximately to the peak aerosol concentrations over Central Europe observed in the mid-1980s.

4 Results

Provided our multi-disciplinary approach, we need to verify that there are no inconsistencies among the different datasets used.290

To reduce this uncertainty we need to ensure that all of them represent a similar climatology of heavy precipitation in the

region. To this end, we provide a quantitative validation of the products REGNIE, RADKLIM, ERA5, and COSMO-REA6 for

the period 2001-2018. We compare these datasets pointwise (by selecting the nearest neighbour grid cell) to observations made

at 53 DWD stations (Sect. 2.1; Fig. 1). COSMO-REA6 is included in this comparison to provide a reference for ERA5 with

another reanalysis product. We compute absolute frequencies, as the number of days with a speci�c amount of precipitation295

for each data set; the Symmetric External Dependency Index (SEDI), estimating the dependency between an event in the given

data set and the reference observations (Ferro and Stephenson, 2011); and the frequency bias as the ratio between the number

of events in the data sets and the reference observations (Hogan et al., 2009). The evaluations are made for three precipitation

intervals based on the warning levels used operationally by the DWD, namely WL2 (> 30 mm), WL3 (> 50 mm) and WL4

(> 80mm). The 29 June 2017 HPE falls into the WL4 category.300

REGNIE, RADKLIM and COSMO-REA6 perform well, in representing the climatology of extreme precipitation (WL4

category). In particular, REGNIE �ts best the DWD station observations for absolute frequency (37 events in REGNIE, 34 in

the DWD stations at WL4), followed by RADKLIM (24 events in WL4). ERA5 (Fig.2.a) only has 12 events (WL4). Regarding

SEDI (Fig. 2.b), REGNIE again compares best with station observations, also followed by RADKLIM (Fig. 2b) in contrast

to the coarser resolution reanalysis products which show lower SEDI values. However their performance is better for extreme305

precipitation (WL4). Finally, for frequency bias, REGNIE shows no deviations, RADKLIM has a negative but acceptable bias,

i.e. less events detected, and ERA5 performs poorly for all WLs.

To summarize, we �nd a good agreement of REGNIE and RADKLIM with the DWD station observations which gives us

con�dence that their representation of HPEs will be consistent. ERA5, however showed a bad performance for absolute and

frequency bias and the moderate precipitation catoegories (WL2 and WL3) for SEDI. The performance of ERA5 was worse310

than the other reanalysis product, COSMO-REA6, possibly due to their difference in model resolution. For this reason ERA5

will not be used hereafter to study heavy precipitation �elds. Its use will be restricted to other relevant large-scale atmospheric

�elds such as water vapour (Fig. 9) that are well constrained by the data assimiliation.
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Figure 2. Evaluation of daily precipitation estimates from REGNIE, RADKLIM, ERA5 and COSMO-REA6 compared with DWD station

observations (see Fig. 1.b). The selected period is 2001 to 2018 (concurrent period of data availability), using the nearest neighbour grid

cells to the DWD stations. (a) Histogram showing the absolute occurrences of precipitation within WLs 2, 3 and 4, (b) Symmetric Extremal

Dependency Index (SEDI) and (c) frequency bias. Positive (negative) frequency bias indicates an overestimation (underestimation) of events,

the black horizontal line represents the optimum value.

4.1 Event analysis and climate context

The 29 June 2017 HPE occurred under the in�uence of an upper-level trough extending between the Iberian Peninsula and315

Poland (TrW pattern) between 28 June and 01 July. During this period, several short-wave surface lows developed on the

northern side of the trough (Fig. 3.a) inducing favourable conditions for convective development. Two small-wave surface

lows caused most of the precipitation collected over Berlin during 29 June. The �rst system, named Rasmund, remained quasi-

stationary east of the British Isles between 28 June and 01 July, reaching values of the Pressure at the Mean Sea Level (PMSL)

of 994 hPa (Fig. 3.a). The second surface low, Rasmund II, originated in the night from 28 to 29 June over central Europe (Czech320

Republic), displaced towards northern Poland over the course of 6 h, and showed PMSL of 990 hPa along the German-Polish

border at 12 UTC.

The mesoscale circulation associated with the mid-tropospheric low Rasmund II over northern Poland (550 dam; Fig. 3a)

brought a warm and moist cyclonic in�ow, crucial for the development of heavy precipitation over Berlin. The Equivalent

Potential Temperature (� e) at 850 hPa (Fig. 3b) showed values up to 305 K from the Mediterranean up to Poland and Berlin,325

indicative of a high moisture availability and optimal conditions for associated stationary deep-moist convection. Mixed-

Layer Convective Available Potential Energy (ML-CAPE) at the site was moderate, of approx. 250 J kg� 1, while Convective

Inhibition (CIN) was to zero, as shown for the Lindenberg station (black dot in 3) at 06 UTC 29 June 2017.
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(a) (b)

Figure 3. a) 500 hPa geopotential height (dam; colour) and wind speed (m s� 1) together with sea level pressure (hPa; contours) and b) 850

hPa equivalent potential temperature (� e) and wind speed on 29 June, 2017 12 UTC from the ECMWF analysis. The black dot denotes the

city of Berlin.

(a) (b)

Figure 4. Time-height cross section of (a) water vapour mixing ratio (g kg� 1) and (b) rain water mixing ratio (g kg� 1) at grid point 13.2 °E

and 52.85 °N (close to the maximum heavy precipitation location, near black dot in Fig. 3) simulated by the WRF model. The displayed

period is 00 UTC until 23:45 UTC on 29 June 2017. Arrows denote the horizontal wind speed (m s� 1 , see lower right of the plots for a length

indicating 25 m s� 1) and direction at the different altitudes. Altitude is above ground level (AGL).

The triggering mechanism was a low-level convergence line fostered by the counter circulations of Rasmund and Rasmund

II over eastern Germany (Fig. 3), (Gebauer et al., 2017). The encountering circulations also imposed a weak southerly �ow atop330

with 10 m s� 1 at 500 hPa (not shown) and less than 5 m s� 1 at 850 hPa (black arrows in Fig. 3b). The weak mid-tropospheric

�ow was responsible for the slow displacement of the convective systems.
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Values of Precipitable Water Vapour (PWV) up to 40 mm were measured at the Lindenberg station, near Berlin (Fig. S1)

at 11:30 UTC, and it is probable that water vapour mixing ratios of more than 6.5 g kg� 1 were present at 2500 m above

ground level over Berlin 3 h prior to precipitation initiation. This was shown by WRF 1.5 km simulations (Sect. 2.3) covering335

the greater Berlin area (Fig. 1). For a selected grid point located northwest of Berlin (black dot in Fig. 3.a) WRF simulates

water vapour mixing ratios of more than 13 g kg� 1 in the lowest 100 m above ground between 10 UTC and 19 UTC together

with a strong low- to mid-level jet evolving after 13 UTC (Fig. 4a). This low-level jet is probably induced by the temperature

gradient between the colder and drier air masses in southwest Germany and the warm and moist air masses over northeastern

Germany (Fig. 3b). The simulated rain water mixing ratios exceeded 3.5 g kg� 1 (Fig. 4b), potentially indicating a warm-rain340

type precipitation event (e.g. Song and Sohn, 2018) which is associated with a strong downdraft of� 5 m s� 1 (Fig. S2).

Figure 5. (a) Cloud-to-ground strokes from the EUCLID data set, colour-coded according to the time of occurrence from 5 UTC on 29 June

2017 to 0 UTC on the following day and (b) 24-hour precipitation totals (mm) during the study period (29 June 2017 06 UTC to 30 June 2017

06 UTC) from REGNIE .

Thunderstorm activity in the border region between northeastern Germany and Poland was already active in the morning

starting at 5 UTC, shaping up a convective line moving westward from Poland towards the city of Berlin, producing the �rst

cloud-to-ground lightning (Fig. 5a). The system strengthened and hit Berlin mainly between 9 and 10 UTC. Afterwards, the

system weakened and moved only slightly further west due to weak upper-level �ow. The convective line remained relatively345

stationary over the greater Berlin area and west of it until noon (Fig. 5a). Upstream of the system, a second thunderstorm line
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followed, crossing the border between Poland and Germany between 14 and 15 UTC. In the late afternoon, the direction of the

convective cells changed and they were transported northward affecting Mecklenburg-Western and the Baltic Sea after 18 UTC.

Due to the weak upper-level �ow (Fig. 3a), the thunderstorms were associated with low propagation speeds leading to high

local rain rates. Figure 5b shows daily precipitation totals with values up to 200 mm. The convectively enhanced precipitation350

fell mainly in the course of 12 hours in the German states of Brandenburg (BB), Berlin (BE), and southern Mecklenburg-

Western Pommerania (MV). Very high values above 100 mm were recorded in and northwest of the city of Berlin as well as

in an area between Ludwigslust (MV) and Perleberg (BB). For example, Berlin-Tegel (BE) recorded 24-hour precipitation

of 196.9 mm, while Zeesen (BB) registered 149.9 mm (Fig. 5b and Table S1) in the supplementary material). In many places,

more precipitation was measured within 24 hours than the climatological mean for the whole month of June (Wandel, 2017).355

Figure 6. Temporal evolution of the PSI (blue bars) for the time period 1951 to 2021. The results are based on REGNIE daily precipitation

observations between January 1951 and September 2021. The 99-percentile and 90-percentile of daily PSI values are represented by the

dashed blue horizontal lines. Numbered circles highlight nine events analysed in Table 1 or in Fig. 7 as well as other historical events. These

are (1) the Saxony �oodings on the 12 August 2002; (2) the 29 June 2005 event, affecting Hersbruch and Lohmar; (3) the 21 June 2007 and

the (4) 22 July 2007 events affecting Germany in its totality; (5) the 26 August 2010 event in Osnabrueck; (6) the 29 July 2014 event in

Muenster and Greven; (7) the 29 June 2017 HPE (red); (8) the 12 July 2018 causing �ooding in Berlin; and (9) the Ahr �ooding on 14 July

2021.

The unusual precipitation totals made the 29 June 2017 HPE one of the most extreme event in the climatology of the greater

Berlin area. Based on the PSI method (Sect. 3.1; Caldas-Alvarez et al., 2021; Piper et al., 2016), the 29 June 2017 event around

Berlin was the 29th most severe event in the 1951-2021 period (Fig. 6). This event showed a PSI value (1.71), well above

the 99th-percentile of the climatology indicating an extreme event. The PSI quanti�es the severity of an event considering

grid-point precipitation intensity, surface of affected area and persistence. The 29 June 2017 HPE showed a PSI value 2.3 and360

1.8 times larger than the 29 June 2005 event in Hersbruch and Lohmar (Tab. 1; number 2 in Fig. 6) and the 29 July 2014 event

in Muenster and Greven (Tab. 1; number 6 in Fig. 6), respectively. The 26 August 2010 event in Osnabrueck (Tab. 1; number

5 in Fig. 6) is the only event of those assessed in the household surveys with a similar meteorological severity and a similar
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extent of the damages (C90 Mill.) caused. Compared to other events, the 2002 event in Saxony (number 1 in Fig. 6) showed

the most similar meteorological severity. The Ahr �ooding in July-2021 (number 9 in Fig. 6) had a PSI value 2.1 lower than365

the 29 June 2017 HPE due to the weaker grid point intensity (131 mm compared to 196.9 mm) and, especially, to the lack of

observations over affected areas in Belgium and the Netherlands in REGNIE.

The convective activity and number of cells triggered were also top-ranked compared to other historical cases. Implement-

ing a lagrangian cell tracking algorithm (Sect. 3.2) using 5 min, 1 km radar data (YW RADKLIM), for the period 2001 to

2020, we found that the only event with more cells triggered than the 29 June 2017 HPE was the Saxony 12 August 2002370

event (Kreibich et al., 2007). Also outstanding with regard to the number of convective cells triggered were the events on

21 June 2007, 22 July 2007 and 12 July 2018, where �ooding was reported for northern Bavaria, west and south-west Germany

and Berlin, respectively (e.g., Kaiser et al., 2021). The former two events showed a strong meteorological severity, with a PSI

in the 99th-percentile of the climatology and the latter showed a moderate severity with a PSI close to 0.6. Figure 7 also shows

the inverse relationship between the length of the tracks and their number, i.e., the larger the number of cells triggered, the375

shorter their mean length.

Figure 7. Cell track characteristics (mean length and number of tracks) for the research area Berlin and surroundings for days from 2001

to 2020. Colour coding identi�es if days have been classi�ed as weather type `no prevailing wind direction, cyclonic circulation in 950 and

500 hPa and above-average humidity content of the troposphere - XXCCW' or another type - not XXCCW (Bissolli and Dittmann, 2001).

Arrows indicate days with �ooding events in Germany.

4.2 Impacts and monetary losses

Insured losses in the Berlin-Brandenburg area amounted toC60 Mio. (GDV, 2018) making the 29 June 2017 HPE the most

damaging extreme event in Berlin and Brandenburg since 2002. Insurance data of the GDV showed that 1.8 % of the build-380

ings in Berlin incurred damages during the event, with an average loss ofC6,830. The Oberhavel district was more heavily

affected, with 5.3 % of the buildings damaged and an average loss ofC10,550 (GDV, 2021). In Berlin, the long-lasting rainfall

overloaded the sewer system, resulting in widespread inundation that caused disruption of traf�c (i.e., blocked roads), �ooded
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basements and underground stations, as well as intangible consequences including restrictions in daily routine and mental

discomfort (GDV, 2018; Berghäuser et al., 2021). The high number of rainfall-related missions on these two days forced the385

Berlin �re brigade to declare an `exceptional weather situation status' (Kox and Lüder, 2021). The small municipality of Leege-

bruch (� 6,800 inhabitants, located 40 km north of Berlin in the Oberhavel district) was even more severely affected due to its

location in a topographical depression and a typically high groundwater table. The resulting inundation cut off the settlement

from its surroundings, affected 40 % of the municipality, and persisted for several weeks (GDV, 2018).

Table 1. Pluvial �ooding events where surveys were conducted at affected households. Five events were surveyed at seven locations. The

start and end dates, the affected area, the maximum daily precipitation, and the affected population are obtained from the CatRaRe database

(Sec. 2), based on RADKLIM precipitation data. The overall losses within the municipality (*) are from GDV (2020) and refer to insured

losses, while loss values with a (**) are from Hydrotec et al. (2008) and refer to total losses (non-insured and insured losses). Losses are

referred to constant 2019 prices. Note that Hersbruck was hit by two events in close succession, which are listed separately.

City Date Start Date End Aff. Area Max. Prec. Population Losses Surveys

yyyy-mm-dd yyyy-mm-dd km2 mm 103 people Mio.C

Berlin 2017-06-29 10:50 2017-06-30 10:50 31,661.4 161.9 6,529
60 (*)

28

Leegebruch 2017-06-29 10:50 2017-06-30 10:50 88

Muenster 2014-07-28 13:50 2014-07-28 22:50
1,117.3 175.8 594 330 (*)

447

Greven 2014-07-28 13:50 2014-07-28 22:50 63

Osnabrueck 2010-08-26 04:50 2010-08-27 04:50 13,426.9 163.9 4,975 90 (*) 100

Hersbruck 2005-06-29 05:50 2005-06-29 07:50
53.6

42.8 20 4 (**) 111

Hersbruck 2005-06-29 20:50 2005-06-29 22:50 39.8 19

Lohmar 2005-06-29 00:50 2005-06-30 00:50 2,669.7 100.9 2,571 3.5 (**) 62

Table 1 compares the meteorological severity, the impacts and the number of surveyed households between the 29 June390

2017 HPE in Berlin and Leegebruch event and the events in Muenster and Greven (2014), Osnabrueck (2010) and Hersbruck

and Lohmar (2005). The meteorological indicators show that the Berlin-Leegebruch-2017 event was characterised by its large

spatial extent and long rainfall duration. As shown in Sect. 4.1, the long rainfall duration was caused by the slow propagation

of the convective system given the weak mid-tropospheric winds. The maximum accumulated precipitation in Berlin (Table 1)

somewhat differs from the REGNIE observations (Fig. 5b) since the values of CatRaRe are based on the RADKLIM RW395

1-hour product that uses a different gridding method and data source.

Figure 8 allows for a more detailed view of the impacts and related mechanisms by looking at the distributions of surveyed

�ood indicators and monetary losses at a household level. The results reveal that basements were inundated less severely in

Leegebruch-2017 and Berlin-2017 than in the other events. Further, the inundation durations in Berlin-2017 and Leegebruch-

2017 exceed the inundation durations of the other events. Monetary losses to buildings were particularly large in Leegebruch-400

2017, Muenster-2014 and Osnabrueck-2010, where approximately 75 % of the surveyed households reported a loss ofC1,000
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Figure 8. Comparison of (a) inundation depth, (b) inundation duration and (c) building loss between pluvial �ood events in seven munic-

ipalities as reported in the surveys Berlin-2017 (ber), Leegebruch-2017 (lee), Muenster-2014 (mue), Greven-2014 (gre), Osnabrueck-2010

(osb), Hersbruck-2005 (her), Lohmar-2005 (loh). Points indicate median values, while whiskers show 5 % and 95 % percentiles.

and more. In Leegebruch-2017, almost half of the surveyed households suffered building loss in the largest two categories

(� C10,000).

Altogether, a clear relationship between precipitation indices (intensity, duration, extent) and resulting losses across the

group of study cases could not be found. Instead, �ood characteristics at the affected buildings (inundation depth and duration)405

can explain much (although not all) of the incurred losses. Ultimately, �ooding in urban areas is a complex process that depends

not only on the meteorological nature of an event but also on the local characteristics of the terrain de�ned by topography, land

use, sewer system capacity and operability, and hydro-geology, as well as on socioeconomic conditions such as settlement

structure, building codes and private risk-mitigation.

4.3 Lagrangian moisture trajectories410

A suf�ciently moist environment is needed for deep moist convection to develop (Markowski and Richardson, 2010). Section

4.1 showed how a very moist atmosphere with up to 40 mm of Precipitable Water Vapour preconditioned the initiation of

convection in the greater Berlin area. Now the question is where did the precipitating moisture originate. To this end we use

Lagrangian backward trajectories based on hourly ERA-5 data (Sect. 4.3).

We found that land masses were the main sources of moisture uptake. Out of the selected 15,074 trajectories ful�lling the415

selection criteria, 82.9 % originated over land areas, whereas only 17.1 % of the precipitating moisture evaporated over the
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Figure 9.Moisture uptake within the planetary boundary layer, calculated based on Lagrangian backward trajectories using ERA5 reanalysis

data. Hourly initialised trajectories on 29 June 2017 (0 UTC to 23 UTC) at the region of heavy precipitation (red box) from 1000 hPa to

200 hPa in steps of 50 hPa and 80 km horizontal distances, going back 240 h in time, are used to compute moisture uptake based on humidity

changes, if they are associated with precipitation in the target region.

ocean.With this method, about 49.8 % of the precipitating moisture for the day of 29 June could be traced back to its moisture

source. The eastern European region (around10� E to 32� E and37� N to 60� N) was by far the main source of moisture uptake

(63.0 %). Additionally, the moisture uptake in this region was relatively evenly distributed, ranging from Poland (east of the

precipitation event) towards Croatia and Italy, with a maximum moisture uptake of about 4.6 mm per single grid point (Fig. 9).420

Other, but less important, land moisture sources were the western European region (around12� W to 10� E and37� N to 60� N),

with a contribution of 13.9 %, and the northern African region (around20� W to 32� E and20� N to 37� N), with a contribution

of 5.9 %. The oceanic moisture sources were primarily the Mediterranean Sea (11.9 %) and Atlantic Ocean (4.6 %), but these

played a minor role compared to the moisture uptake over land. A similarly important role of moisture recycling from land

sources has been found previously for an extreme precipitation event in eastern Europe in May 2010 (Winschall et al., 2014)425

and for the central European �oods in June 2013 (Grams et al., 2014; Kelemen et al., 2016). In the case of the 29 June 2017

HPE studied here, moisture recycling likely happened on relatively short time scales of 1-2 days, as June 2017 was generally

dry, but northeastern Italy, Slovenia, Austria and southeastern Poland were affected by convective precipitation on 28 June. The

moistening of the soil due to prior precipitation is thus hypothesised to be an important precondition for the Berlin event.

4.4 GEV models and return periods430

We provide an estimation on how rare the 29 June 2017 HPE was calculating probabilities of exceedancep and return periods

tRP �tting observations of extreme precipitation to GEV models (Sect. 3.5). Return valuesRVRP (quantiles) and the associated
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