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A B S T R A C T   

The paper presents a new hourly high-resolution (i.e., at 0.02◦, ≃2.2 km) precipitation dataset, labelled as 
ERA5@2km, obtained by dynamically downscaling ERA5 reanalysis at convection permitting scale (CPS) over 20 
European cities for the recent past thirty years (1989–2018). The downscaling activity is performed within the 
framework of the Contract implemented by Fondazione CMCC to support Sectoral Information System about 
“Disaster Risk Reduction” (see https://climate.copernicus.eu/pluvial-flood-risk-assessment-urban-areas) of 
Copernicus Climate Change Service (C3S). Specifically, such an additional precipitation dataset is developed to 
provide precipitation data for estimating expected precipitations at fixed return periods used as input for pluvial 
flooding risk analysis where hazard (inundated areas, water levels) and risk (estimated damages) are assessed. 
The ambition is to support the Disaster Risk Reduction (DRR) community involved in pluvial flood risk assess
ment by providing a basis for impact analysis at city scale, in terms of extreme hourly precipitation, that matches 
with the expected spatial and temporal requirements. In this work, ERA5@2km precipitation dataset is intro
duced for the first time and its reliability and coherence are evaluated as for spatial patterns and trends as for 
extreme values against a set of available high-resolution observational datasets (comparable in terms of spatial 
and temporal resolution). Such an evaluation provides a clearer understanding about the added value of very 
high-resolution (VHR) dynamical downscaling reanalysis in terms of localization and magnitude of precipitation 
events at urban scale, confirming a general and relevant added value of this new configuration for the assessment 
of extreme atmospheric events (such as heavy precipitations).   

1. Introduction 

The availability of homogeneous and continuous data (in terms of 
time and space) represents a key requirement for characterizing extreme 
past weather events and the associated physical and socio-economic 
impacts (Street et al., 2019). Their spatial and temporal resolution 
regulate indeed both the dynamics that could be properly investigated 
and the limitations to account for their use. 

In this regard, the most obvious support is represented by in-situ 
weather station measurements. However, they are rarely available 
over long time spans, and often outline a scarce homogeneity and den
sity of observation points which are assumed as reference for large areas, 
despite such a constrain. To cope with such limitations, in recent years 
several gridded observational datasets have been developed for Europe 
(e.g., E-OBS, Cornes et al., 2018) and for specific European countries, e. 
g., SAFRAN (Vidal et al., 2010) and COMEPHORE (Tabary et al., 2012) 

for France, PTHBV (Johansson, 2000) for Sweden, HYRAS (Rauthe et al., 
2013; Frick et al., 2014) and RADKLIM-RW (Winterrath et al., 2018) for 
Germany; seNorge2 (Lussana et al., 2018) for Norway, TabsD 
(MeteoSwiss, 2013a) and RhiresD (MeteoSwiss, 2013b) for Switzerland, 
CEH-GEAR (Lewis et al., 2019) for Great Britain, SCIA-ISPRA (Desiato 
et al., 2011) and GRIPHO (Fantini, 2019) for Italy, IBERIA01 (Herrera 
et al., 2019) for Iberian Peninsula. These products feature different 
temporal (e.g., from hourly to daily) and spatial (e.g., from ≃ 1 km to ≃
10–20 km) resolutions, covering different time spans; in addition, their 
reliability is strictly related to the density of station networks from 
which they derive. 

A potential alternative solution to ensure homogeneity and conti
nuity of data is represented by the use of climate reanalysis. In general, a 
climate reanalysis “delivers a complete and consistent picture of the past 
weather” (https://youtu.be/FAGobvUGl24) by adopting a numerical 
weather prediction model to assimilate historical observations provided 
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by different sources (satellite, in situ, multiple variables) but not ho
mogeneously distributed around the globe. Recently, the European 
Centre for Medium Range Weather Forecast (ECMWF) has released a 
new generation of reanalysis, acknowledged as ERA5, representing 
nowadays the most plausible description for current climate (Hersbach 
et al., 2020). It has a global coverage with a spatial resolution of 0.25◦ (≃
31 km) and provide outputs at hourly scale since 1950 up to now (with a 
latency of 5 days). Such features make ERA5 suitable for a wide range of 
applications such as monitoring climate change, research, education, 
policy making and business, in sectors such as renewable energy and 
agriculture (Buontempo et al., 2020). It forms the basis for monthly C3S 
climate bulletins and is used in the World Meteorological Organization’s 
annual assessment of the State of the Climate presented at the Confer
ence of the Parties of the United Nations Framework Convention on 
Climate Change (UNFCCC). In addition to ERA5, other advanced rean
alysis products recently released are ERA5-Land (Muñoz-Sabater et al., 
2021) and UERRA (Ridal et al., 2017). The former represents a refined 
version of ERA5 for land variables with a spatial resolution of ≃ 9 km; 
the latter is a refined version of ERA40/ERA-Interim (Dee et al., 2011) 
reanalysis over Europe at ≃ 5.5 km providing however precipitation at 
daily scale. 

Despite the authoritative relevance of ERA5, its coarse resolution 
could prevent a reliable adoption for characterizing localized events (e. 
g., extreme precipitation) in special way in complex areas (e.g., moun
tain or urban environments). In this perspective, the ongoing de
velopments of convection-permitting regional climate models (CP- 
RCMs, resolution <4 km) are providing a possible solution to partly 
cover this gap. CP-RCMs represent a step change in the capability for 
understanding past climate and future climate change at local scales and 
for extreme weather events that most impact society (Kendon et al., 
2021). This includes credible data for short-duration precipitation ex
tremes, as CP-RCMs resolution avoids the use of error-prone deep con
vection parameterization schemes, responsible in some cases of a 
misinterpretation of precipitation patterns and trends. 

Some European initiatives (e.g., H2020 EUCP, see https://www. 
eucp-project.eu/, CORDEX-FPS convection, see https://www.hymex. 
org/cordexfps-convection/wiki/doku.php), and an increasing number 
of scientific works (e.g., Ban et al., 2014; Berthou et al., 2018; Coppola 
et al., 2020; Fumière et al., 2020; Reder et al., 2020; Fosser et al., 2015; 
Prein et al., 2015; Piazza et al., 2019; Adinolfi et al., 2021; Raffa et al., 
2021; Ban et al., 2021) are providing a reference baseline to demonstrate 
the added value of this specific configuration. Such an improvement can 
be noted in a more accurate representation of some features, e.g., the 
diurnal cycles, hourly precipitation intensities, local–regional circula
tions, seasonal average precipitation, convective downdrafts, and the 
representation of cold pools (Coppola et al., 2020; Fowler et al., 2021; 
Ban et al., 2021). All these insights are encouraging the climate com
munity to deeply investigate the potential added values of CP-RCMs for 
a more adequate representation of climate condition over urban areas, 
especially for the extremes. 

Investigations about potentialities of such approaches for impact 
studies at very high resolution (VHR) represent one of the outputs of the 
Contract implemented by Fondazione CMCC to support Sectoral Infor
mation System about “Disaster Risk Reduction” (see https://climate.co 
pernicus.eu/pluvial-flood-risk-assessment-urban-areas) of Copernicus 
Climate Change Service (C3S). Specifically, an experiment to downscale 
ERA5 at CP scale (i.e., at 0.02◦, ≃2.2 km) is carried out over 20 European 
cities to obtain a high-resolution hourly precipitation dataset 
(ERA5@2km) for the recent past thirty years (1989–2018). Such data 
are then adopted as inputs for estimating expected precipitations at fixed 
return periods (see Annex B) and used as input for a tailored pluvial 
flooding risk analysis. The ambition is to support the Disaster Risk 
Reduction (DRR) community involved in pluvial flood risk assessment 
by providing a basis for impact analysis at city scale, in terms of extreme 
hourly precipitation, that matches with the expected spatial and tem
poral requirements. 

In this work, ERA5@2km precipitation dataset is introduced for the 
first time. Its reliability and coherence are evaluated as for spatial pat
terns and trends as for extreme values against a set of available high- 
resolution observational datasets (comparable in terms of spatial and 
temporal resolution). Such an evaluation provides a clearer under
standing about the added value of very high-resolution (VHR) dynam
ical downscaling reanalysis in terms of localization and magnitude of 
precipitation events at urban scale confirming a general and relevant 
added value of this new configuration for the assessment of extreme 
atmospheric events (such as heavy precipitations). 

The paper first describes (§2) the experimental setup (§2.1) with the 
observational datasets (§2.2) considered for the evaluation. Then, it 
introduces the statistical tools used for the evaluation (§2.3) and for 
obtaining extreme hourly precipitation at prescribed recurrence in
tervals (§2.4). Finally, it presents (§3.1 and §3.2) the new precipitation 
dataset at city scale by assessing its performance against observational 
datasets at different temporal and spatial resolutions. 

2. Material and methods 

2.1. Climate experiment 

ERA5 is dynamically downscaled at convection permitting scale 
(0.02◦, ≃2.2 km) to derive a high-resolution hourly precipitation data
set, labelled as ERA5@2km, over a pool of 20 European cities for the 30- 
years period 1989–2018. The downscaling is performed with the 
Regional Climate Model (RCM) COSMO-CLM (CCLM) (Rockel et al., 
2008) switching on the module TERRA-URB (Wouters et al., 2016) for 
accounting for the urban parameterizations. 

Fig. 1 displays the analysis domains used for the downscaling ac
tivity. Specifically, nine domains are defined to optimize the simulations 
over the 20 cities according to the standard prescriptions reported in 
Prein et al. (2015) for the selection of domain size. 

Table 1 summarizes the main features of the climate experiment, 
listing the parameterizations used to account for the sub-grid-scale 
physical processes. 

This configuration relies on the optimized COSMO-DE setup, 
resulting from the protocol established in the framework of the Coor
dinated Downscaling Experiment (CORDEX) (Giorgi et al., 2015; Jacob 
et al., 2014) of the World Climate Research Programme (WCRP) for the 
Flagship Pilot Study (FPS) on convection (Coppola et al., 2020). Such an 
FPS focuses on the investigation of convective-scale events in a few key 
regions of Europe and the Mediterranean basin with 
convection-permitting regional climate models. 

Formally, the default COSMO convective parameterization is the 
Tiedtke mass-flux scheme with moisture-convergence closure (Tiedtke, 
1989). Such a scheme distinguishes between shallow, deep, and mid
level convection. In the convection-resolving setup (i.e., that used for 
ERA5@2km), only the shallow convection part of the scheme is active, 
while for deeper clouds the scheme is turned off. 

The setup reported in Table 1 was also borrowed from the ERA5 
evaluation downscaling experiments performed by Raffa et al. (2021) 
over part of central Europe, including some cities such as Cologne 
(Germany) and Paris (France). These experiments were performed to 
identify the most reliable nesting strategy to be adopted for localizing 
ERA5 climate signal at convection permitting scale (≃2.2 km) with 
CCLM in the view of deriving precipitation characteristics at city scale or 
at the event scale. Specifically, Raffa et al. (2021) tested two nesting 
strategies: the former, labelled as “CCLM002-Direct”, relying on a 
one-step nesting strategy in which the simulation at 2.2 km is directly 
“one-way nested” in ERA5 (1:15 resolution jump); the latter, labelled as 
“CCLM002-Nest”, considering a “two-step nesting strategy” in which the 
simulation at 2.2 km is one-way nested in a 12 km grid spacing which in 
turn is one-way nested in ERA5 (1:3:6 resolution jump). The Authors 
pointed out that CCLM002-Direct outperforms CCLM002-Nest if it is 
evaluated at the city scale or at the event scale. This tendency was 
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ascribed to the fact that CCLM002-Nest is driven at the Lateral Boundary 
Condition (LBC) by a freely evolving (i.e., not nudged) intermediate 
simulation allowing internal variability to develop (Coppola et al., 
2020). For this reason, events at the meteorological scale and over a very 
limited area of interest could not be correlated with ERA5. Conversely, 
such a tendency seems to be attenuated when CCLM002 is directly 

nested into ERA5. For this reason, in this study ERA5@2km is directly 
“one-way nested” in ERA5 to ensure reliability, coherence, and consis
tency as for climate statistics as for limited area and periods. 

Operatively, ERA5 data are firstly pre-processed to be adapted for 
CCLM simulation within the CCLM community, with the support of HZG 
and DWD. The pre-processed data are then used as input for the inter
polation pre-processor (INT2LM) to generate the initial and boundary 
conditions on the ERA5@2km grid. Finally, a long-term climate simu
lation is performed implementing an automatic restart procedure to 
avoid potential interruptions of simulation. 

2.2. Observational datasets 

High-resolution observational precipitation datasets available over 
different areas at hourly scale are considered to evaluate the reliability 
and coherence of precipitation data provided by ERA5@2km at city 
scale. These datasets are selected to be as comparable as possible in 
terms of spatial and temporal resolution against ERA5@2km. 
Specifically:  

- CEH-GEAR (Lewis et al., 2019): it is an hourly gridded precipitation 
dataset for Great Britain at a horizontal resolution of 1 km for the 
period 1990–2014, derived by temporally disaggregating the 
CEH-GEAR daily precipitation dataset according to a national data
base of hourly rain gauge observations.  

- RADKLIM-RW (Winterrath et al., 2018): it is a radar-based dataset, 
available at the DWD Open Data Portal, providing hourly 

Fig. 1. Analysis domains defined for the downscaling activity.  

Table 1 
Main characteristics of the experiment configurations (Raffa et al., 2021).  

Model ERA5@2km 

Boundary forcing ERA5-Reanalysis 
Horizontal resolution 0.02◦ (≃2.2 km) 
Time step 20 s 
N◦ grid points Variable (depending on the considered 

computational domain) 
N◦ vertical levels 50 
Output frequency 1 h 
Temporal coverage 1989–2018 (1988 as spin up) 
Radiation scheme Ritter and Geleyn (1992) 
Convection scheme Shallow convection based on Tiedtke (1989) 
Microphysics scheme Doms et al. (2011); Baldauf and Schulz (2004) 
Land surface scheme TERRA-ML (Doms et al., 2011) with TERRA-URB ( 

Wouters et al., 2016) parametrization 
Land use GLC2000 (Bartholomé and Belward, 2005) 
Planetary boundary layer 

scheme 
Mellor and Yamada (1982) 

Lateral Boundary Condition 
(LBC) update frequency 

1 h 

Soil initializations Temperature and moisture obtained by 
interpolation from ERA5-Reanalysis  
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precipitation adjusted to rain gauge measurements for Germany at a 
horizontal resolution of 1 km for the period 2001–2017.  

- GRIPHO (Fantini, 2019): it is an hourly gridded precipitation dataset 
for Italy, based on rain gauge measurements, at a horizontal reso
lution of 10 km for the period 2001–2016. 

In addition, to perform a general evaluation overview for those cities 
for which hourly gridded observations are not available in our knowl
edge, a daily observational precipitation dataset is considered. 
Specifically:  

- E-OBS (Cornes et al., 2018; Haylock et al., 2008): it is a daily gridded 
land-only observational dataset over Europe at a horizontal resolu
tion of 0.1◦ (≃11 km) for the period 1950–2020, containing data for 
precipitation amount, mean/maximum/minimum temperature, sea 
level pressure, and surface shortwave downwelling radiation. E-OBS 
relies on the blended time series from the station network of the 
European Climate Assessment & Dataset (ECA&D) project. It is 
calculated following a two-stage process to derive the daily field and 
the uncertainty in these daily estimates. 

Observational precipitation gridded datasets could feature some 
constraints and limitations (Isotta et al., 2014; Adinolfi et al., 2021). In 
general, a grid point is informative for an area, depending on the spatial 
resolution of the considered gridded dataset. For each grid cell, pre
cipitations could be affected in their magnitude by an averaging effect; 
then, the coarser the spatial resolution the larger the smoothing effect. 
Additional issues are: (i) precipitation underestimation at high elevation 
due to the not properly accounted precipitation lapse rate and that 
induced by stations sparseness and mask-effect issues for radar data; (ii) 
systematic wind-induced rain gauge under-catch, and (iii) wetting and 
evaporation losses; (iv) interpolation methods, which systematically 
induce underestimation of high intensities (smoothing effect) and 
overestimation of low intensities (moist extension into dry areas). 

The effect of these limitations and constraints tends to decrease with 
spatial resolution (e.g., for RADKLIM-RW, and CEH-GEAR). However, 
for these datasets, a further source of uncertainty is represented by the 
methods adopted to merge rain gauge measurements and radar data as 
well as by the use of statistical disaggregation approaches. Regarding E- 
OBS, it builds on the ECA&D station network, whose diverse coverage 
over Europe makes such a dataset more reliable in some regions than in 
others (Cornes et al., 2018). 

2.3. Evaluation metrics 

Precipitation data provided by ERA5@2km at city scale are assessed 
with respect to available observational datasets by using a set of widely 
adopted indices for performance evaluation, namely KGE (Kling–Gupta 
Efficiency, Gupta et al., 2009), and DAV (Distribution Added Value, 
Soares and Cardoso, 2017); the same indices are also adopted for 
deriving the potential added value of ERA5@2km with respect to the 
parent ERA5 reanalysis. 

KGE is a goodness-of-fit measure for evaluating the performance of a 
model time-series (subscript m) with respect to an observed one 
(subscript obs): 

KGE= 1 −

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(ρ − 1)2
+

(
σm

σobs
− 1

)2

+

(
μm

μObs
− 1

)2
√

(1)  

where ρ is the Pearson correlation coefficient data, σ represents the 
standard deviation, and μ is the mean. KGE = 1 indicates a perfect 
agreement between observed and simulated data; KGE < − 0.41 in
dicates that model data underperform the mean of observed data 
(Knoben et al., 2019). 

DAV provides an objective and normalized measure of the added 
value in terms of potential gain in the performance of climate models 

due to the usage of a higher resolution, comparing higher- and coarser- 
resolution simulation probability density function (PDFs) to the obser
vational PDF. DAV accounts for the difference in skill scores (Perkins 
et al. 2007) between high resolution (subscript hr) and low resolution 
(subscript lr) assuming the observations (subscript obs) as reference: 

DAV =
Shr − Slr

Slr
=

∑n
1min(Zhr,Zobs) −

∑n
1min(Zlr, Zobs)

∑n
1min(Zlr,Zobs)

(2)  

where Shr and Slr are the Perkins skill scores for high and low resolution 
respectively; n is the number of bins considered to obtain the PDF; Zhr, Zlr 
and Zobs are the frequencies of values in each bin for high resolution, low 
resolution, and observations respectively. In general, DAV = 0 indicates 
that no gain is found; DAV <0 points out a loss associated to the usage of 
a higher resolution; DAV >0 expresses the beneficial impact of 
increasing the grid spacing. 

Both KGE and DAV are computed at city scale considering the 
evaluation domains reported in Table 2. 

With the precise intent of avoiding artificial downscaling/upscaling 
and emphasizing the actual added value at a finer scale, data are not 
interpolated over a common grid. 

2.4. Intensity-duration-frequency (IDF) curves at city scale 

To interpret extreme precipitation values and to obtain annual 
maximum hourly precipitation at prescribed recurrence intervals, the 
storm index method (Viglione et al., 2007; Padulano et al., 2019) is 
adopted. 

According to the storm index method, the rainfall depth of an 
extreme precipitation event x with return period T and rainfall duration 
d can be estimated (Eq. (3)) as the product of a scale parameter (μ) only 
depending on duration d (i.e., deterministic part of Eq. (3)), and a fre
quency parameter or “growth factor” (kT) only depending on the return 
period T (i.e., probabilistic part of Eq. (3)): 

x(d,T)= μ[x(d)]⋅kT(T) (3) 

Eq. (3) is known to ensure rainfall consistency, as it preserves the 
increasing dependence of precipitation depth on both duration and re
turn period. Moreover, in practical applications, Eq. (3) is often subject 
to a regionalization process whose aim is to identify homogeneous areas 
(usually related to significant hydrographic units such as watersheds) 
where the statistical behaviour of extreme rainfall can be considered the 
same, and relations are calibrated basing on pooled samples (Wallis 
et al., 2007). In this perspective, within a homogeneous region only one 
probability model is calibrated, whereas mean rainfall is considered 
spatially distributed (implying a possible dependence on elevation z as 
well as on duration d). The use of a pooled sample is the cornerstone of 
regional frequency analysis of extreme rainfall events, positively 
including a larger number of extreme rainfall events and increasing the 
statistical significance and reliability of evaluations (Caporali et al., 
2008; Madsen et al., 2017). 

In the paper, prior to pooling, the homogeneous behaviour of rainfall 
data is inspected and ensured for both components of the storm index 
method by suitable statistical testing, such as the one-way ANOVA test 
(Kottegoda and Rosso, 2008) and the Anderson-Darling test (Anderson 
and Darling, 1954). 

In the following, the procedure applied at city scale to calibrate Eq. 
(3) is described:  

1) for each grid point, the hourly precipitation amounts are first 
aggregated with a fixed-width moving window for six reference 
durations d (1, 2, 3, 6, 12 and 24 h); from these six samples of pre
cipitation, the annual maximum rainfall depths (AMR) are then 
extracted to obtain six AMR samples; 

2) the different AMR samples are subjected to hypothesis tests (Kotte
goda and Rosso, 2008; Anderson and Darling, 1954) to check 
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whether extreme data related to different points of a domain of in
terest can be considered extracted from the same population (in 
terms of mean values, growth factors, or both) and then pooled 
together to build robust calibration of Eq. (3);  

3) for the scale parameter μ (depending on elevation z as well as on 
duration d), the model proposed by Sherman (Chow et al., 1988) is 
adopted and calibrated: 

μ[x(d, z)] = A⋅d
(C + d)(B+D⋅z) (4)  

the goal of such a calibration procedure is to determine the set of pa

rameters (i.e., A, B, C, D);  

4) for the growth factor kT (only depending on the return period T), the 
Generalized Extreme Value (GEV) probability distribution model 
(Hosking et al., 1985), whose Probability Density Function (PDF) can 
be expressed by the following equation, is adopted and calibrated: 

f (k, σ, μ)=
(

1
σ

)

⋅exp

{

−

[

1+ k ⋅
(x − μ)−

1
k

σ

]}[

1 + k⋅
(x − μ)

σ

]− 1− 1
k

(5a)  

f (0, σ, μ)=
(

1
σ

)

⋅exp
{

− exp
[

−
(x − μ)

σ

]

−
(x − μ)

σ

}

(5b)  

the goal of such a calibration procedure is to determine the set of GEV 
parameters (i.e., shape k, scale σ, location μ). The calibration procedure 
is applied on the pooled AMR sample normalized by its mean value. In 
this way, a pooled dimensionless sample is obtained. 

3. Results and discussion 

3.1. Validation against high resolution observational datasets 

The first part of the study consists in evaluating precipitation data 
provided by ERA5@2km with respect to high-resolution hourly obser
vational precipitation datasets (i.e., CEH-GEAR, RADKLIM-RW, and 
GRIPHO). At the same time, it is also considered the parent ERA5 
reanalysis to investigate the potential added value arising from the use 
of ERA5@2km data. Such an evaluation is performed over a subset of 20 
European cities for which ERA5@2km data are provided. Specifically, 
CEH-GEAR data are adopted for London (UK); RADKLIM-RW data for 
Cologne (DE); GRIPHO data for Milan (IT). For Cologne, such an eval
uation represents an extension with respect to the analyses reported in 
Raffa et al. (2021) as for the time windows considered as for type of 
analyses. 

For each dataset, the observational periods overlapping with the 
targeted simulation period are considered. This is 1990–2014 for CEH- 
GEAR data, 2001–2017 for RADKLIM-RW data, and 2001–2016 for 
GRIPHO data. These periods can be considered long enough for evalu
ation analyses. 

For each city, precipitation data are evaluated at different temporal 
scales (from annual to hourly) as well as for both average patterns and 
extremes. The aim is to highlight the benefits due to the dynamical 
downscaling of ERA5 at convection permitting scale. Specifically, the 
following issues are analysed:  

● the spatial pattern of mean annual precipitation  
● the multi-year cycle of monthly precipitation  
● the probability density function (PDF) of hourly precipitation; it is 

defined as the normalized frequency of occurrence of precipitation 
events within a certain bin  

● the multi-year cycle of hourly precipitation for summer season (JJA 
= June-July-August) to focus on convective events that are known to 
be more frequent in this season than non-convective ones  

● the annual maximum hourly precipitation at prescribed recurrence 
intervals (i.e., 5-10-25-50-100 y) 

Synthetical indices are adopted for the different analysis to quantify 
gains and losses associated with the use of VHR simulations. 

For all the cities reported in Table 2, Annex A shows spatial distri
bution of annual precipitation provided by E-OBS, ERA5, and 
ERA5@2km as well as the multi-year cycle of monthly precipitation and 
the annual maximum daily precipitation at prescribed return periods. 
For the latter, the daily scale is considered to compare hourly dataset 
with E-OBS data; moreover, annual maximum daily precipitations at 
prescribed return periods relying on ECA&D station network (Merco
gliano et al., 2021) and included in the Copernicus Climate Data Store 

Table 2 
Spatial delimitation (in terms of Longitude and Latitude) of the evaluation do
mains at city scale; each city domain is centred on the relative NUTS 3 
(Nomenclature of Territorial Units for Statistics at third level).  

City NUTS 3 Boundary Box 

Amadora 
(Portugal) 

PT170 –Lisboa Lon = 9.75◦W – 
8.25◦W Lat = 38.25◦N 
– 39.25◦N 

Amersfoort (the 
Netherlands) 

NL310 – Utrecht Lon = 4.5◦E – 5.75◦E 
Lat = 51.75◦N – 
52.5◦N 

Antwerp 
(Belgium) 

BE211 – Arr. Antwerpen Lon = 4◦E – 5◦E Lat =
51◦N – 51.75◦N 

Athens (Greece) EL301 – Northern Athens; EL302 – 
Western Athens; EL303 – Central 
Athens; EL304 – Southern Athens 

Lon = 23.5◦E – 24◦E 
Lat = 37.75◦N – 
38.25◦N 

Bilbao (Spain) ES213 – Bizkaia Lon = 3.5◦W – 2.25◦W 
Lat = 42.75◦N – 
43.75◦N 

Birmingham 
(United 
Kingdom) 

UKG31 – Birmingham Lon = 2.3◦W – 1.25◦W 
Lat = 52.25◦N – 
52.75◦N 

Brussels (Belgium) BE100 – Arr. de Bruxelles-Capitale/ 
Arr. van Brussel-Hoofdstad 

Lon = 4◦E – 4.75◦E 
Lat = 50.5◦N – 
51.25◦N 

Bucharest 
(Romania) 

RO321 – Bucuresti Lon = 25.75◦E – 
26.5◦E Lat = 44.25◦N 
– 44.75◦N 

Budapest 
(Hungary) 

HU110 – Budapest Lon = 18.75◦E – 
19.5◦E Lat = 47.25◦N 
– 47.75◦N 

Cologne 
(Germany) 

DEA23 – Koln, Kreisfreie Stadt Lon = 6.5◦E – 7.5◦E 
Lat = 50.75◦N – 
51.25◦N 

Frankfurt Am 
Main (Germany) 

DE712 – Frankfurt am Main, 
Kreisfreie Stadt 

Lon = 8.25◦E – 9◦E 
Lat = 49.75◦N – 
50.5◦N 

London (United 
Kingdom) 

UKI41 – Hackney and Newham; 
UKI42 – Tower Hamlets; UKI43 – 
Haringey and Islington; UKI44 – 
Lewisham and Southwark; UKI45 – 
Lambeth; UKI31 – Camden and City 
of London; UKI32 – Westminster 

Lon = 0.75◦W – 0.5◦E 
Lat = 51◦N – 52◦N 

Milan (Italy) ITC4C – Milano Lon = 8.5◦E – 9.75◦E 
Lat = 45◦N – 45.75◦N 

Pamplona (Spain) ES220 – Navarra Lon = 2.75◦W – 0.5◦W 
Lat = 41.75◦N – 
43.5◦N 

Paris (France) FR101 – Paris; FR105 – Hauts-de- 
Seine; FR106 – Seine-Saint-Denis; 
FR107 – Val-de-Marne 

Lon = 2◦E – 2.75◦E 
Lat = 48.5◦N – 
49.25◦N 

Prague (Czech 
Republic) 

CZ010 – Praha Lon = 14◦E – 15◦E Lat 
= 49.75◦N – 50.5◦N 

Riga (Latvia) LV006 – Riga Lon = 23.75◦E – 
24.5◦E Lat = 56.75◦N 
– 57.25◦N 

Rimini (Italy) ITH59 – Rimini Lon = 12◦E – 13◦E Lat 
= 43.5◦N – 44.25◦N 

Stockholm 
(Sweden) 

SE110 – Stockholms County Lon = 17◦E – 19.75◦E 
Lat = 58.5◦N – 60.5◦N 

Vienna (Austria) AT130 – Wien Lon = 16◦E – 16.75◦E 
Lat = 48◦N – 48.5◦N  
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(CDS) are used as additional reference. They are computed starting from 
local weather station precipitation data and then interpolated onto the 
E-OBS grid. Further details about the procedure used for their compu
tation are reported in the Product User Guide associated to the Dataset. 
Finally, Annex B reports an overview of IDF parameters (Eq. (4) and Eq. 
(5)) obtained interpreting annual maximum precipitation provided by 
ERA5@2km over for the 20 European cities. 

3.1.1. Validation against CEH-GEAR (1990–2014) for London (UK) 
Fig. 2 shows the spatial distribution of annual precipitation provided 

by ERA5 (Fig. 2a), ERA5@2km (Fig. 2b) and CEH-GEAR (Fig. 2c) for 
London (UK). The maps are plotted considering all the grid points 
belonging to the city evaluation domains in their native resolution (i.e., 
16, 1386, and 6256 grid points for ERA5, ERA5@2km, and CEH-GEAR, 
respectively). 

Observational dataset CEH-GEAR (Fig. 2c) returns values with a 
spatial average of 669 mm/y and a spatial standard deviation of 68 mm/ 
y. Compared to the reference observations, ERA5@2km (Fig. 2b) 
slightly increases annual precipitation in terms of spatial averages (=
691 mm/y) with a reduced spatial variability (standard deviation = 30 
mm/y). From a spatial viewpoint, it well detects areas characterized by 
higher values of annual precipitation as for observations, even if peaks 
are lowered (also due to the coarser resolution). Finally, ERA5 (Fig. 2a) 
returns the highest spatial average of annual precipitation (= 703 mm/ 
y) and the lower spatial variability (standard deviation = 26 mm/y) with 
respect to the other cases; moreover, despite its coarser resolution, ERA5 
roughly identifies rainy areas. 

The multi-year cycle of monthly precipitation is plotted in Fig. 3 for 
the same datasets considered for Fig. 2. 

CEH-GEAR monthly precipitation ranges in-between 38 mm/month 
and 73 mm/month with minimum value in March and maximum values 
in October and November. Compared to CEH-GEAR, ERA5 detects 
minimum and maximum peaks even if these latter are lowered; more
over, monthly precipitation from April to August is overestimated. 
Enhancing the spatial resolution with ERA5@2km removes such an 
overestimation and increases the maximum values, returning a trend in 
line with CEH-GEAR. Such an improvement also arises in terms of KGE 
(Eq. (4)) calculated by considering monthly precipitation over the 
investigated period for both ERA5 (KGE = 0.85) and ERA5@2km (KGE 
= 0.92) over 1990–2014, assuming CEH-GEAR as reference. 

Moving to the hourly scale, Fig. 4 shows the PDFs of hourly precip
itation provided by CEH-GEAR, ERA5, and ERA5@2km. 

CEH-GEAR hourly precipitation PDF returns a tail with maximum 
value of ≃ 9 mm/h. Compared to observations, the models’ hourly 

precipitation PDFs detect an underestimation by the coarser resolution 
model (i.e., ERA5) for hourly precipitation values in the range 3–5 mm/ 
h, while the new dataset ERA5@2km returns values closer to observa
tions, with a tendency to produce a longer tail (≃ 12 mm/h). By applying 
the DAV metric on the hourly precipitation PDFs, it is possible to 
quantify a gain (DAV = 21%) associated with the use of ERA5@2km 
with respect to ERA5. 

Fig. 5 compares the multi-year cycle of hourly summer precipitation 
provided by CEH-GEAR, ERA5, and ERA5@2km. 

CEH-GEAR returns a cycle of hourly precipitation that is typical of 

Fig. 2. Average annual precipitation over London (UK) for the period 1990–2014 with different datasets: (a) ERA5 (≃ 31 km); (b) ERA5@2km (≃ 2.2 km); (c) CEH- 
GEAR (≃ 1 km). 

Fig. 3. Annual cycle of monthly precipitation over London (UK) for the period 
1990–2014 with different datasets (i.e., CEH-GEAR, ERA5, ERA5@2km). 

Fig. 4. Probability density function (PDF) of hourly precipitation over London 
(UK) for the period 1990–2014 with different datasets (i.e., CEH-GEAR, 
ERA5, ERA5@2km). 
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the summer period, with higher values in the afternoon despite a 
discontinuity at 11UTC. Such a discontinuity should require further 
investigations. ERA5 well detects the same cycle provided by CEH- 
GEAR; however, it significantly overestimates the amplitude of hourly 
precipitation during the daylight hours (from 9UTC to 18UTC) with 
values up to 0.137 mm/h (peak at 16UTC). ERA5@2km reduces such an 
overestimation returning a trend like CEH-GEAR; its peak occurs at 
16UTC (synchronous to ERA5), but the amplitude (=0.095 mm/h) 
matches observations. In terms of KGE, ERA5@2km significantly out
performs ERA5 (KGE = 0.04 for ERA5 against KGE = 0.77 for 
ERA5@2km). 

Finally, to assess ERA5@2km performance in terms of extreme pre
cipitation, Fig. 6 compares the annual maximum hourly precipitation 
computed at prescribed recurrence intervals by ERA5@2km with those 
provided by CEH-GEAR and ERA5 (Fig. 5c). For all the datasets, the 
procedure outlooked in Section 3.2 is adopted. Moreover, to investigate 
if potential differences in the results could be related to the scale 
parameter (μ) or to growth factor (kT), Fig. 5a and b show the rela
tionship (d, μ) and (T, kT), respectively. 

Annual maximum hourly precipitation by CEH-GEAR (Fig. 6c) shows 
values in-between 15.5 mm/h (for T = 5 y) and 27.7 mm/h (for T = 100 
y). ERA5 returns a significant underestimation while ERA5@2km values 
are in line with those provided by CEH-GEAR. This is mainly ascribable 
to differences in terms of (d, μ) (Fig. 6a) and only in part to differences in 
terms of (T, kT) (Fig. 6b). 

3.1.2. Validation against RADKLIM-RW (2001–2017) for Cologne (DE) 
Fig. 7 shows the spatial distribution of annual precipitation provided 

by ERA5 (Fig. 7a), ERA5@2km (Fig. 7b) and RADKLIM-RW (Fig. 7c) for 
Cologne (DE) over the period 2001–2017. The maps are plotted 
considering all the grid points belonging to the city evaluation domains 
in their native resolution (i.e., 15, 832, and 4712 grid points for ERA5, 
ERA5@2km, and RADKLIM-RW, respectively). 

Both ERA5 (Fig. 7a) and ERA5@2km (Fig. 7b) well detect the spatial 
pattern of observed annual precipitation (Fig. 7c) with values increasing 
from the south-western to the north-eastern area of the domain. In 
general, RADKLIM-RW precipitation data provides values with a spatial 
average of 822 mm/y and a standard deviation of 144 mm/y. Compared 
to observations, ERA5 overestimates annual precipitation (spatial 
average = 1008 mm/y) with a similar variability (standard deviation =
152 mm/y). Conversely, ERA5@2km is able to better match annual 
precipitation amounts provided by gridded observations (ERA5@2km 
spatial average = 865 mm/y) maintaining a correct spatial variability 
(standard deviation = 153 mm/y). 

As for the multi-year cycle of monthly precipitation (Fig. 8), 
RADKLIM-RW monthly precipitation ranges between 48 mm/month 
(April) and 90 mm/month (August). 

ERA5 and ERA5@2km provide a satisfying temporal correlation with 
observations especially in terms of peaks timing; in terms of amplitude, 
ERA5 overestimation shown in Fig. 7 is also declined at the monthly 
scale with values ranging between 60 mm/month and 104 mm/month, 
while ERA5@2km adjusts these values making them in line with ob
servations. Such an improvement is reflected by the KGE index 
(KGEERA5 = 0.75 against KGEERA5@2km = 0.88). 

Fig. 9 compares RADKLIM-RW hourly precipitation PDF to the 
models’ ones. 

The tendency is similar to the one occurring for London (UK) (see 
Fig. 4). Specifically, observation hourly precipitation PDF gives a tail 
with maximum value of ≃ 10 mm/h. Compared to observations, ERA5 
returns an underestimation for hourly precipitation values in the range 
2–6 mm/h; conversely, ERA5@2km provides values closer to observa
tions, with slight overestimation in-between 6-8 mm/h and a tendency 
to produce a longer tail (≃ 15 mm/h). Also in this case, an added value 
of ERA5@2km is detected (DAV = 26%). 

Fig. 10 plots the multi-year cycle of hourly summer precipitation 
provided by RADKLIM-RW, ERA5, and ERA5@2km. 

Both gridded observations and modelling show a similar trend of the 
diurnal cycle, with ERA5 maximizing amplitude (0.219 mm/h) in 

Fig. 5. Daily cycle of hourly summer precipitation over London (UK) for the 
period 1990–2014 with different datasets (i.e., CEH-GEAR, ERA5, ERA5@2km); 
time is in UTC. 

Fig. 6. Probability distribution of annual maximum extreme rainfall for London (UK) by storm-index method: (a) relationship between average annual maxima and 
rainfall duration; (b) growth factor for different return periods; (b) 1-hr annual maxima for different return periods. 
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comparison with RADKLIM-RW (0.177 mm/h) and ERA5@2km (0.201 
mm/h). The peak is delayed by 1 h for ERA5 and ERA5@2km compared 
to the observations (at 14UTC). In general, ERA5 tends to overestimate 
observations during daylight; conversely, ERA5@2km lowers observa
tions in the range 10UTC to 13UTC while an opposite behaviour is 
highlighted from 14UTC to 18UTC. During night-time, both ERA5 and 
ERA5@2km match well with observations. In terms of KGE, ERA5@2km 
(KGE = 0.73) outperforms ERA5 (KGE = 0.61). 

In terms of annual maximum hourly precipitation (Fig. 11), the same 
tendency, emerged for the previous case, arises. 

RADKLIM-RW returns annual maximum hourly precipitation 
(Fig. 11c) ranging between 16.7 mm/h (for T = 5 y) and 28.4 mm/h (for 

T = 100 y). ERA5@2km yields increased values (i.e., 22.8 mm/h for T =
5 y and 41.3 mm/h for T = 100 y) in comparison with RADKLIM-RW; 
such a difference could be also related to the different period consid
ered for IDF computation by RADKLIM-RW (2001–2017) and 
ERA5@2km (1989–2018). In line with other cases, ERA5 largely un
derestimates extreme hourly precipitation. For the case in hand, in terms 
of (d, μ) (Fig. 11a), the three datasets provide trends that are correlated 
but shifted for magnitude with higher values associated with 
ERA5@2km. In terms of (T, kT) (Fig. 11b), ERA5@2km shows a vari
ability similar to RADKLIM-RW and larger in comparison with ERA5. 

3.1.3. Validation against GRIPHO (2001–2016) for Milan (IT) 
Fig. 12 shows the spatial distribution of annual precipitation 

computed with ERA5 (Fig. 12a), ERA5@2km (Fig. 12b), and GRIPHO 
(Fig. 12c) for Milan (IT). For the case in hand, GRIPHO features a spatial 
resolution (≃ 10 km) lower than the high-resolution observational 
datasets used for the validation at city scale in the other cases. However, 
it provides hourly data enabling the computation of multi-year cycle of 
hourly summer precipitation and of annual maximum hourly precipi
tation at prescribed recurrence intervals. Moreover, it relies only on rain 
gauge measurements and then it is not affected by uncertainties related 
to the merging of local station data with radar data. 

For all the following analyses, all the grid points belonging to the city 
evaluation domains in their native resolution (i.e., 24, 1974, and 90 grid 
points for ERA5, ERA5@2km, and GRIPHO, respectively) are 
considered. 

GRIPHO precipitation data (Fig. 12c) returns values with a spatial 
average of 971 mm/year and a standard deviation of 217 mm/year. 

Fig. 7. Average annual precipitation over Cologne (DE) for the period 2001–2017 with different datasets: (a) ERA5 (≃ 31 km); (b) ERA5@2km (≃ 2.2 km); (c) 
RADKLIM-RW (≃ 1 km). 

Fig. 8. Annual cycle of monthly precipitation over Cologne (DE) for the period 
2001–2017 with different datasets (i.e., RADKLIM-RW, ERA5, ERA5@2km). 

Fig. 9. Probability density function (PDF) of hourly precipitation over Cologne 
(DE) for the period 2001–2017 with different datasets (i.e., RADKLIM-RW, 
ERA5, ERA5@2km). 

Fig. 10. Daily cycle of hourly summer precipitation over Cologne (DE) for the 
period 2001–2017 with different datasets (i.e., RADKLIM-RW, ERA5, 
ERA5@2km); time is in UTC. 
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Values increase with latitude as long as the Alps are approached. 
Compared to GRIPHO, ERA5 (Fig. 12a) overestimates both annual pre
cipitation (spatial average = 1221 mm/year) and related variability 
(standard deviation = 234 mm/year). The dynamical downscaling of 
ERA5 at 2 km (Fig. 12b) adjusts the spatial distribution of annual pre
cipitation both for mean values (spatial average = 979 mm/year) and for 
variability (standard deviation = 209 mm/year) returning values in line 
with GRIPHO, also in terms of spatial pattern. Such an improvement 
highlights an important added value associated with ERA5@2km. 

Moving to the monthly scale, Fig. 13 shows the multi-year cycle of 
monthly precipitation for Milan. 

Observational monthly precipitation highlights values varying be
tween 60 mm/month (July) and 140 mm/month (November). 
Compared to GRIPHO, ERA5 shows a well correlated trend against ob
servations (ρ = 0.95) even if values are overestimated for the whole 
average year as pointed out for spatial distribution in Fig. 12. Localizing 
ERA5 precipitation at 2.2 km reduces monthly precipitation giving 
values in line with those returned by GRIPHO albeit ERA5@2km is not 
able to detect the magnitude of November peak (140 mm/month for 
GRIPHO against 115 mm/month for ERA5@2km). In terms of KGE 
index, ERA5@2km outperforms ERA5 with an improvement from 0.75 
(KGEERA5) to 0.82 (KGEERA5@2km). 

Moving to the hourly scale, Fig. 14 shows the PDFs of hourly pre
cipitation provided by GRIPHO, ERA5, and ERA5@2km. 

GRIPHO hourly precipitation PDF features a tail with maximum 
value of ≃ 19 mm/h. Compared to observations, both models’ hourly 
precipitation PDFs detect an underestimation with a tendency to 

Fig. 11. Probability distribution of annual maximum extreme rainfall for Cologne (DE) by storm-index method: (a) relationship between average annual maxima and 
rainfall duration; (b) growth factor for different return periods; (b) 1-hr annual maxima for different return periods. 

Fig. 12. Average annual precipitation over Milan (IT) for the period 2001–2016 with different datasets: (a) ERA5 (≃ 31 km); (b) ERA5@2km (≃ 2.2 km); (c) GRIPHO 
(≃ 10 km). 

Fig. 13. Annual cycle of monthly precipitation over Milan (IT) for the period 
2001–2016 with different datasets (i.e., GRIPHO, ERA5, ERA5@2km). 
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produce a shorter tail (≃ 5 mm/h for ERA5 and ≃ 14 mm/h for 
ERA5@2km). Despite such an underestimation, the new VHR precipi
tation dataset gives an added value compared to ERA5 (DAV = 35%). 

As for the multi-year cycle of hourly summer precipitation (Fig. 15), 
both ERA5 and ERA5@2km differ from observations. 

The amplitude of the diurnal cycle for ERA5 and ERA5@2km is 
larger (0.194 mm/h and 0.221 mm/h, respectively) and shifted to 
earlier times by 3 (ERA5) and 2 (ERA5@2km) hours compared to the 
observations; GRIPHO is characterized by a peak of 0.152 mm/h at 19 
UTC instead. ERA5 generally overestimates observations, except for the 
last hours of the day. It also seems to show a difference between 6UTC 
and 7UTC. Conversely, ERA5@2km better matches observed hourly 
precipitation amounts during night-time and part of daytime while in 
the afternoon amplitudes and phasing differ from observations. Also for 
this test case, in terms of KGE, ERA5@2km (KGE = 0.29) outperforms 
ERA5 (KGE = 0.08) even if KGE values are lower in comparison with the 
previous test cases. 

Finally, Fig. 16 provides the annual maximum hourly precipitation 
computed for observations and climate simulations with the related (d, 
μ) and (T, kT) relationships. 

Annual maximum hourly precipitation by GRIPHO (Fig. 16c) shows 
values between 26.1 mm/h (for T = 5 y) and 50.0 mm/h (for T = 100 y). 
ERA5 returns a significant underestimation while ERA5@2km values 
are in line (i.e., 33.4 mm/h for T = 5 y and 54.7 mm/h for T = 100 y) 
with observations. ERA5@2km scale parameters (Fig. 16a) are slightly 
higher against GRIPHO for durations <12 h while the opposite occurs 
for durations >12 h. The bias between ERA5 and the observational 
dataset in the (d, μ) plane is limited in comparison with other test cases; 
moreover, for duration = 24 h, ERA5 returns a value similar to 
ERA5@2km. In terms of growth factors (Fig. 16b), GRIPHO points out 
the higher variability, even if also for the case in hand, the limited period 

for IDF computation (2001–2016) should be properly accounted for. 

3.1.4. Some insights about differences in IDF curves 
Analysis against high-resolution observational datasets have shown 

how ERA5 lowers annual maximum hourly precipitation at different 
return times even if it overestimates precipitation patterns at yearly, 
monthly and daily scales. Downscaling ERA5 at CP scale instead mod
erates ERA5 overestimations resulting also in annual maximum hourly 
precipitation in line with observations. 

The aim of this section is to further investigate the differences in 
annual maximum hourly precipitation. In general, the performed anal
ysis reflects the coarser resolution of ERA5 (≃31 km) data in comparison 
with ERA5@2km (≃2.2 km) and high-resolution observations (≃1 km 
for CEH-GEAR, and RADKLIM-RW; ≃10 km for GRIPHO). ERA5 reso
lution implies that each grid point is informative for an area, at least, 
equal to 31 × 31 km2, and then, for each grid cell, weather variables (e. 
g., for precipitation as verified in different works, e.g., Reder and 
Rianna, 2021) can be affected in their magnitude by an averaging effect 
which produces a smoothing especially for maximum precipitation 
values. Such a smoothing effect decreases with spatial resolution 
enhancement. 

However, as all data have been processed on their native grids, it is 
not possible to quantify the interplayed effects of spatial resolution and 
informative contents provided by each dataset. For this reason, it is 
necessary to limit these effects by neglecting one of both. To do this, in 
this section annual maximum hourly precipitation are computed by 
interpolating ERA5@2km data and observations onto ERA5 grids, to set 
a common spatial resolution. 

Before that, in Fig. 17 the values of hourly precipitation obtained 
considering observations and ERA5@2km onto native grids are 
compared with those computed upscaling data onto the common ERA5 
grids. Operatively, native data and interpolated ones are first averaged 
over each city evaluation domain and then represented. 

Such a comparison shows that avoiding spatial upscaling onto 
common grids exerted a minor and negligible effect on the findings 
carried out during the evaluation of ERA5@2km, as points fall around 
the 1:1 line for almost all the cases with R squared coefficients in general 
higher than 0.92. This means that the finding introduced in the previous 
section would also be valid if the investigation had been carried out on a 
shared grid. 

By looking at extreme hourly precipitation, Fig. 18 and Fig. 19 
compare for each test case the scale parameters (μ) for different dura
tions (d) and the growth factors (kT) for different return periods (T) 
obtained considering native grids with those computed considering the 
common ERA5 grids. 

Interpolating data on a coarser grid does not alter the informative 
contents given by ERA5@2km and observations as points fall across the 
1:1 line for almost all the cases. This makes evidence of the added value 
of a VHR reanalysis-based climate simulation in comparison with ERA5 
for extreme values, giving us a high degree of confidence in the quality 
of the downscaling activity performed and in the reliability of IDF data 
produced (see Annex B). 

3.2. Validation against E-OBS data 

The last section of this work provides a general evaluation frame
work for all the 20 European cities considered for the downscaling ac
tivity of ERA5 at ~2.2 km. In this perspective, as no unique high- 
resolution gridded observational dataset covering all the test cases is 
available, daily precipitation data provided by E-OBS are assumed as 
reference. Moreover, ERA5 data are also considered to determine po
tential gains and losses due to the dynamical localization of parent ERA5 
reanalysis upon a finer grid. 

To simplify the data analysis, in this section a bird’s eye view is 
provided by analysing for each city the PDFs of observed and modelled 
daily precipitation. Such an analysis relies on the use of DAV (see §2.3), a 

Fig. 14. Probability density function (PDF) of hourly precipitation over Milan 
(IT) for the period 2001–2016 with different datasets (i.e., GRIPHO, 
ERA5, ERA5@2km). 

Fig. 15. Daily cycle of hourly summer precipitation over Milan (IT) for the 
period 2001–2016 with different datasets (i.e., GRIPHO, ERA5, ERA5@2km); 
time is in UTC. 
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metric which is able to estimate potential gains and losses when moving 
from coarser (ERA5) to finer (ERA5@2km) resolutions. A further detail 
for each city is reported in Annex A which depicts spatial distribution of 
annual precipitation provided by E-OBS, ERA5, and ERA5@2km as well 
as the multi-year cycle of monthly precipitation and the annual 
maximum daily precipitation at prescribed return periods, including 
also data relying on ECA&D station network. 

The results of this analysis for the different cities handled in this 
study are summarized in Fig. 20. 

They highlight a general added value in moving from ERA5 to 
ERA5@2km, as already outlined by evaluation with high-resolution 
observations performed in the previous sections. Such a tendency is 
highlighted for 90% (18 out of 20) of investigated cities. In general, DAV 
varies in the range 10–20% reaching in some cases also values of 

Fig. 16. Probability distribution of annual maximum extreme rainfall for Milan (IT) by storm-index method: (a) relationship between average annual maxima and 
rainfall duration; (b) growth factor for different return periods; (b) 1-hr annual maxima for different return periods. 

Fig. 17. Hourly precipitation for the three test cases (London, Cologne, and Milan) computed considering data on native grids and data interpolated onto a common 
ERA5 grid. 

Fig. 18. Average annual maxima at different rainfall duration for the three test cases (London, Cologne, and Milan) computed considering data on native grids and 
data interpolated onto a common ERA5 grid. 
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40–50%. Some constrains and uncertainties in ERA5@2km accuracy 
may arise for those cities located in areas characterized by peculiar 
circulation patterns (e.g., for those cities for example Bilbao and Pam
plona where the lateral boundaries are mainly regulated by the Atlantic 
Sea, and CCLM is not able to reproduce these dynamics as it is uncoupled 
from an ocean model). Such an issue has also been investigated by 
extending the computational domain. However, the improvement 
associated with such an extension is not so evident in capturing all 
lateral dynamics and, moreover, it does not comply with time and 
computational requirements. 

Finally, it should also be emphasized how validation could be 
affected by the reliability of E-OBS data which mainly depends on the 
availability for a specific city of local station data in the ECA&D network 
forming the base for E-OBS gridded observations. Further details in this 
sense can be retrieved in Cornes et al. (2018). As an instance, the reli
ability is higher for cities located in Germany, Northern Italy, and 
Sweden whereas it is reduced in other countries such as Greece or 
Hungary. 

4. Conclusions 

The availability of reliable spatial and temporal data at proper 
spatial and temporal scale about extreme weather events represents a 
pivotal challenge for supporting DRR policy and practice. On this issue, 
the recent advent of CP-RCMs is providing a step change in the 

capability for modelling past climate and future climate change at local 
scales, especially for extreme weather events that most impact society 
(Kendon et al., 2021). This includes the opportunity of providing cred
ible data for short-duration precipitation extremes, partly matching the 
expected spatial and temporal requirements of impact analysis at city 
scale. 

Based on this state-of-the-art, a new high-resolution hourly precipi
tation dataset, ERA5@2km, for the past thirty years (1989–2018) has 
been made available by dynamically downscaling ERA5 at CP scale (i.e., 
at 0.02◦, 2.2 km) over a set of 20 European cities, with the ambition of 
providing a basis for impact analysis at city scale, in terms of extreme 
hourly precipitation for different return times (data are reported as 
Supplementary Material in Annex B). 

This work evaluates the reliability of this new precipitation dataset 
for spatial patterns, trends, and extreme values. The evaluation is per
formed by making use of a set of available high-resolution observational 
datasets (comparable in terms of spatial and temporal resolution) for a 
subset of cities (i.e., London, Cologne, and Milan). Moreover, to provide 
a general evaluation across the whole set of cities, a further evaluation 
has been developed against daily E-OBS precipitation data. 

The evaluation activity provides a clearer understanding about the 
added value of ERA5@2km in terms of localization and magnitude of 
precipitation events at urban scale confirming a general and relevant 
added value of this new configuration for the assessment for extreme 
atmospheric events (such as heavy precipitations). Such an 

Fig. 19. Growth factor for different return periods for the three test cases (London, Cologne, and Milan) computed considering data on native grids and data 
interpolated onto a common ERA5 grid. 

Fig. 20. Distribution Added Value (DAV) estimated for the pool of European cities for which ERA5@2km precipitation data are produced. DAV is computed from the 
probability density function (PDF) of daily precipitation by assuming ERA5@2km as finer model, ERA5 as coarser model, and E-OBS as reference for observations. 

A. Reder et al.                                                                                                                                                                                                                                   



Weather and Climate Extremes 35 (2022) 100407

13

enhancement has been highlighted by comparing ERA5@2km data with 
high-resolution hourly observations and ERA5 data, analysing multiple 
features of interest such as mean spatial pattern of annual precipitation, 
multi-year cycle of monthly precipitation, multi-year cycle of hourly 
precipitation for summer season, and annual maximum hourly precipi
tation at prescribed recurrence intervals. 

ERA5 represents a good reference for general mean statistics (e.g., 
spatial pattern of annual precipitation, multi-year cycle of monthly 
precipitation); however, its coarser resolution tends to generate a 
smoothing of extreme precipitation, confirming the need of highly 
localized data. ERA5@2km overcomes this constraint by providing a 
reliable suite of extreme precipitation values for city analyses. Such an 
expected increase in performances can justify the required investment in 
time and computational resources, especially in those areas where either 
consolidated institutional IDF curves are not available or local obser
vations are not sufficient (for temporal coverage, temporal resolution, 
and spatial resolution) to provide an estimation of extreme precipitation 
values. In this sense, further work will certainly be needed to charac
terise sub-daily precipitation patterns and to further improve the reli
ability of CPMs as also noted in Fowler et al. (2021). 

A climate dataset such as ERA5@2km may also be a relevant tool to 
support adaptation strategies and risk assessment. Such a relevance is 
mainly related to the large number of atmospheric variables and, sub
sequently, of climate indices and indicators, that can be evaluated with a 
level of significance and reliability larger than allowed by the usually 
limited temporal coverage of in-situ atmospheric variables. Reanalysis 
(-based) datasets can indeed fill observational gaps, still existing in wide 
areas, especially if different reanalysis datasets are available for evalu
ating the local uncertainty associated to their estimations. Additionally, 
the large amount of model outputs features allow including in impact 
models those atmospheric variables for which monitoring networks are 
still poor. Finally, VHR reanalysis (-based) data can support risk 
assessment as well as adaptation analysis at local scale. 
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