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Abstract. The European climatological high-resolution gauge-adjusted radar precipitation dataset, EURADCLIM, addresses

the need for an accurate (sub-)daily precipitation product covering 78% of Europe at high spatial resolution. A climatological

dataset of 1-h and 24-h precipitation accumulations on a 2-km grid is derived for the period 2013 through 2020. The starting

point is the European Meteorological Network (EUMETNET) Operational Program on the Exchange of weather RAdar Infor-

mation (OPERA) gridded radar dataset of 15-min instantaneous surface rain rates, which is based on data from, on average, 1385

ground-based weather radars. First, methods are applied to further remove non-meteorological echoes from these composites

by applying two statistical methods and a satellite-based cloud type mask. Second, the radar composites are merged with the

European Climate Assessment & Dataset (ECA&D) with potentially ∼7700 rain gauges from National Meteorological and

Hydrological Services (NMHS) in order to substantially improve its quality. Characteristics of the radar, rain gauge and satel-

lite datasets are presented, as well as a detailed account of the applied algorithms. The clutter removal algorithms are effective,10

while removing few precipitation echoes. The usefulness of EURADCLIM for quantitative precipitation estimation (QPE) is

confirmed by comparing against rain gauge accumulations employing scatter density plots, statistical metrics, and a spatial

verification. These show a strong improvement with respect to the original OPERA product. The potential of EURADCLIM

to derive pan-European precipitation climatologies and to evaluate extreme precipitation events is shown. Specific attention is

given to remaining artefacts in and limitations of EURADCLIM. Finally, it is recommended to further improve EURADCLIM15

by applying algorithms to 3D instead of 2D radar data, and by obtaining more rain gauge data for the radar-gauge merging.

The EURADCLIM 1-h and 24-h precipitation datasets are publicly available at https://doi.org/10.21944/7ypj-wn68 (Overeem

et al., 2022a) and https://doi.org/10.21944/1a54-gg96 (Overeem et al., 2022b).

1 Introduction

Accurate surface precipitation information at high spatiotemporal resolutions is needed for many scientific domains and appli-20

cations, such as agriculture, water management, weather prediction and climate monitoring, but is often lacking. EUMETNET

(European Meteorological Network) is a network of 31 National Meteorological and Hydrological Services (NMHS) and one

of its programs is OPERA (Operational Program on the Exchange of weather RAdar information). In OPERA, expertise on

operational ground-based weather radars is exchanged and pan-European radar products have been developed, which are dis-
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seminated in near real-time (Huuskonen et al., 2014; OPERA, 2022). While the EUMETNET OPERA ground-based weather25

radar composite provides strong coverage at the km scale, it generally underestimates precipitation by tens of percent. The

spatial variability of this bias indicates that its quality is inhomogeneous in time and space. Moreover, many smaller areas

suffer from severe overestimation due to non-meteorological echoes (clutter), mainly due to signal interference (Saltikoff et al.,

2016), obstacles in the vicinity of radars, and refraction of the radar beam (e.g. Gourley et al., 2007; Fabry, 2015; Overeem

et al., 2020). A long list of possible sources of error can negatively affect radar precipitation estimates (Doviak and Zrnić,30

1993; Fabry, 2015; Rauber and Nesbitt, 2018; Ryzhkov and Zrnic, 2019): for instance, hardware-related errors such as elec-

tronic calibration and antenna pointing offsets (Frech et al., 2017), and severe underestimation due to rain-induced attenuation

along the radar beam for X- or C-band radars (e.g. Hitschfeld and Bordan, 1954; Tabary et al., 2009; Jacobi and Heistermann,

2016; Overeem et al., 2021). Another source of error are, for instance, changes in the vertical profile of reflectivity, where

the height of the radar sampling volume increases with increasing range from the radar, hence becoming less representative35

for the reflectivity at the ground (Hazenberg et al., 2013). In contrast, rain gauges often provide accurate local quantitative

precipitation estimation (QPE), but their network densities are usually too sparse to capture the spatial precipitation variability,

especially at the sub-daily time scale (Van de Beek et al., 2012). Gridded precipitation datasets based on interpolated gauge

accumulations and covering large parts of Europe, provide at best daily accumulations at 0.1� and 0.25� grids (Cornes et al.,

2018).40

A common practice on a national level is to combine the best of two worlds by merging radar with rain gauge data (e.g.

Holleman, 2007; Goudenhoofdt and Delobbe, 2016; Nelson et al., 2016; Fabry et al., 2017; Bližňák et al., 2018; Winterrath

et al., 2018; Barton et al., 2020). For Europe, Park et al. (2019) developed an operational
::::::::::::
gauge-adjusted OPERA-based radar

rainfall product for the European Rainfall-InduCed Hazard Assessment (ERICHA) system, employing data from ∼1500 rain

gauges. This is used to compute flash flood hazard for Europe for the next 5
:
6
:
hours for the European Flood Awareness System45

(EFAS). The use of this dataset is restricted to EFAS.

Here, we present an open climatological OPERA-based radar precipitation product over the period 2013–2020, called EU-

RADCLIM (EUropean RADar CLIMatology). It covers ∼ 8× 106 km2 of Europe, which is about 78% of geographical Eu-

rope, and covers a variety of climates from Mediterranean to temperate, mountain, continental and arctic. Some differences

with the study by Park et al. (2019),
::::
who

:::::::::
developed

::
a

:::::
(near)

::::::::
real-time

::::::
dataset,

:
are that additional algorithms to remove non-50

meteorological echoes are applied, and data from far more rain gauges are available (
::::
after

::::::
waiting

:::
1.5

:::::
years

:::
(at

::::
most

:
∼7700

::::::
instead

::
of

::
at

:::::
most

:
a
::::

few
::::::::
thousand). In addition, for each 1-hour interval that is adjusted, the corresponding gauge data are

used to compute a spatial adjustment factor field for that hour, instead of applying such a field based on radar and gauge

data from the last 7 rainy days, as is the case in the Park et al. (2019) dataset. In EURADCLIM, non-meteorological echoes

are further removed by applying an open-source statistical filter taking into account large gradients and the size of contigu-55

ous echoes (Gabella and Notarpietro, 2002; Wradlib, 2021). Since it could also
:::
The

::::::
Gabella

::::::
clutter

::::
filter

:::::
does

:::
not

::::::
depend

:::
on

:::::::
historical

:::
or

::::::::
auxiliary

:::
data

::::
and

:::::
could

:
be applied in (near) real-time, its evaluation

:
.

::::::
Hence,

:::::::::
evaluation

::
of

:::
its

:::::::::::
performance

::
to

::::::
remove

::::::::::::::::
non-meteorological

::::::
echoes

:
is also relevant for the existing gridded OPERA products. Next, a climatological satellite

cloud type product is employed to identify areas with semitransparent clouds or without clouds, and set rain rates to 0 mm
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h�1 in those areas. Finally, for each year a static clutter mask is computed based on outliers in annual precipitation. For these60

locations, 1-h radar precipitation accumulations are replaced by spatially interpolated values. Merging these radar precipitation

accumulations with those from rain gauges, results in EURADCLIM, which can be seen as the continental European analogue

of a climatological radar precipitation dataset developed for the United States (Fabry et al., 2017).
::::::
Having

::::
24-h

::::::::::::
accumulations

:::
can,

:::
for

::::::::
instance,

::
be

::::::
useful

:::
for

::::::::
evaluation

:::
of

:::::::
extreme

::::::::::
precipitation

::::::
events,

:::::::::
evaluation

:::
of

::::::::::::
EURADCLIM

::::::
against

::::::::
(manual)

::::
rain

:::::
gauge

::::::::::::
accumulations,

::::
and

:::::::::::
climatological

::::::::
analyses.

:::::::::
Moreover,

:::
the

:::::::
ETCCDI

:::::::
Climate

::::::
Indices

:::::::
require

::::
daily

:::::::::::
precipitation

:::::::
amounts65

::
for

:::::::
climate

:::::::::
monitoring

:
(https://www.wcrp-climate.org/etccdi

::
).

::
In

:::::::
addition,

::
a

::::::::
drawback

::
of

:::
the

::::::
gridded

:::::::
E-OBS

::::::
dataset

:
is

::::
that

:::
the

:::::::::
underlying

:::
rain

:::::::
gauges

:::
are

:::::::::
aggregated

::::
over

:::::
daily

:::::::::::
measurement

:::::::
intervals

::::
that

:::
are

:::
not

::::::::::::
homogeneous

::::
over

:::::::
Europe.

::::
The

::::::
unique

:::::
nature

::
of

:::::::::::::
EURADCLIM

::::::::
improves

::::
upon

:::
this

:::::::
aspect.

::::::
Hence,

:::
the

::::::::::::
EURADCLIM

::::::
dataset

::
is

:::
not

::::
only

::::::::
available

::
as

::::
1-h,

:::
but

::::
also

::
as

::::
24-h

::::::::::::
accumulations.

:

The outline of this paper is as follows: First, characteristics of the employed radar, rain gauge and satellite datasets, such70

as data availability and coverage, are described (Sect. 2). Next, the three algorithms to remove non-meteorological echoes and

the radar-gauge merging algorithm are presented (Sect. 3). This is followed by a step-by-step evaluation of the datasets after

each processing step, including the EURADCLIM dataset, against rain gauge data (Sect. 4.1–4.2). EURADCLIM’s limitations

are discussed and illustrated together with pan-European precipitation climatologies (Sect. 4.3). The results section ends with

extreme precipitation events derived from EURADCLIM (Sect. 4.4). Finally, conclusions and recommendations to improve75

EURADCLIM are provided (Sect. 5).

2 Data

2.1 OPERA radar data

The radar composite product “instantaneous surface rain rate” was obtained from the EUMETNET OPERA Data Centre

(ODC or Odyssey) from the period 2013–2020. It is stored in Hierarchical Data Format version 5 (HDF5) files employing the80

OPERA Data Information Model (ODIM) (Michelson et al., 2019). This product has a temporal resolution of 15 min and a

spatial resolution of 2 km × 2 km (Lambert Azimuthal Equal Area projection; 2200× 1900 grid cells). As is usually the case

for gridded radar precipitation products, the effective resolution decreases for increasing distances from radars and will become

lower than 4 km2 (typically at ∼ 115 km from a radar for a beam width of 1�). It is based on the raw
:::
3D single site radar data

::::
from

::::::
NMHS, which have undergone Doppler clutter filtering.

::::
The

::::
latter

:::::
helps

::
to

:::::
detect

:::
and

::::::
correct

:::
for

::::::
clutter

::
in

::::
case

:::
the

:::::
radial85

:::::::
Doppler

:::::::
velocity

::
is

:::::
(near)

::::
zero.

:::::::
Hence,

:::
the

::::::::
influence

::
of

:::::::
(nearly)

::::::::
stationary

::::::
targets

:::
on

:::::
radar

:::::::::
reflectivity

::::::
factors

::
is

::::::::::
diminished,

::::
while

::::::::::
preserving

:::
the

::::::::::::
non-stationary

:::::::::::
precipitation

::::::
targets.

:
Depending on the radar, beam-blockage correction and additional

(dual-polarization) clutter filtering have been applied by the respective NMHS. OPERA applies algorithms on either individual

radar data or the composite, concerning further removal of non-meteorological echoes and, since late 2015, beam-blockage

correction and a satellite cloud mask to remove non-meteorological echoes (Saltikoff et al., 2019b).90

The number of contributing radars, on average 138 based on intervals with data, gradually increases over the period 2013–

2020 (Fig. 1a). A variety of radars is employed, for instance, different manufacturers, different frequencies (mostly C-band,
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some X-band and S-band) and a mixture of single-polarization and dual-polarization radars. The measurement frequency of the

radars is 5 min or 10 min, and data from the last time stamp are used in the composite product, e.g.
:
.
:::
For

:::::::
instance, the 5-min �le

from 10:15 UTC
:::
and

:::
the

::::::::
10-minute

::::
�le

::::
from

:::::
10:10

::::
UTC

:
for the 10:15 UTC OPERA composite product. The lowest elevation95

scan data from all radars are combined to produce a composite of gridded horizontally polarized radar re�ectivity factor (Zh )

data. Before 29 Sep 2017 08:52 UTC, this was done via logarithmic range-weighted averaging (dBZh ) and afterwards via

linear range-weighted averaging (Zh ). Finally, instantaneous surface rain rates are retrieved from the re�ectivity composites

every 15 min using the Marshall-PalmerZh � R relation (Zh = 200R1:6). Saltikoff et al. (2019b) provide more details on the

OPERA radar data and its processing.100

Figure 1. OPERA radar data availability as a function of time over the period 2013–2020. (a) Number of contributing radars to the OPERA

composite of rain rates in case data are available for at least part of the OPERA domain. Coverage of OPERA radar datasets as a function of

time for the (b) 1-h and (c) 24-h precipitation accumulations. For (b) and (c) also time intervals without data are plotted (as 0).

For each radar grid cell (pixel) and clock-hour (i.e., every hour on the hour), 1-h precipitation accumulations are computed

from the rain rates in case of full availability, otherwise the grid cells contain the ODIM “nodata” value, which is “used

to denote areas void of data (never radiated)” (Michelson et al., 2019).
:::
So,

:::
1-h

::::::::::::
accumulations

:::
are

::::
only

:::::::
derived

::
if

::
all

:::::::
15-min

:::::::
OPERA

:::
rain

::::
rates

:::
are

:::
not

:::::
equal

::
to

:::
the

:::::::
“nodata”

::::::
value. And “undetect” values

::::
from

:::
the

:::::::
OPERA

::::
rain

::::
rates, “used to denote areas

below the measurement detection threshold (radiated but nothing detected)” (Michelson et al., 2019), are set to 0 mm. These105

1-h precipitation accumulations are used to compute 24-h accumulations every clock-hour as well as annual accumulations. For

each radar grid cell, a minimum data availability of underlying 1-h accumulations of 83.3% is demanded (i.e., at least 20 of 24

hours, or� 304.2 of 365 days). Grid cells with too low availability are set to the OPERA “nodata” value. The availability of 1-h

and 24-h precipitation accumulations is generally high (Fig. 1b–c). For the large majority of the OPERA domain, availability of

1-h precipitation accumulations is at least 95% over the period 2013–2020 (Fig. 2a). The distance to the nearest radar displays110
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quite some variability, but is generally shorter than 175 km (Fig. 2c). The median and mean distance to the nearest radar is 110

km and 133 km, respectively. Some countries do have radars but these do not contribute to the OPERA composite yet (e.g.,

Austria and Italy). All derived radar datasets are kept in ODIM-HDF5 format on the default OPERA grid of 2 km resolution.

Figure 2. (a) Map of the OPERA domain with fraction of available radar composites over the period 2013–2020. (b) Map with combined

radar-gauge availability over the period 2013–2020. (c) Map of distance to nearest radar per grid cell assuming full availability of radar

data (note that some of the radars only contributed part of the period). (d) Map of distance to nearest rain gauge per grid cell assuming full

availability of radar and gauge data. This shows the best possible result. In reality, the average minimum distance will be longer because

sometimes gauge data are missing. Maps made with Natural Earth. Free vector and raster map data ©naturalearthdata.com.
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2.2 ECA&D and E-OBS rain gauge data

Daily precipitation series were obtainedmid June2022from the European Climate Assessment and Dataset (ECA&D, https:115

//www.ecad.eu) project (Klein Tank and coauthors, 2002; Klok and Klein Tank, 2008). In total,� 7700 rain gauges from 29

different countries and 37 different data providers, including non-downloadable series (i.e., included in ECA&D for production

of derived data but only accessible through the data-owning NMHS), are covered by OPERA radars during (part of) the

2013–2020 period. Combined radar-gauge data availability is at least 90% for most regions (Fig. 2b).
:::
This

::::::::::
availability

::
is

:::
the

:::::::::
percentage

::
of

::::
daily

:::::::
intervals

::
in

:::
the

::::::
8-year

:::::
period

::
at

::::
each

:::::
gauge

:::::::
location

:::::
where

:::
the

:::::
gauge

:::
and

::::::::::::
corresponding

:::::
radar

::::::::::::
accumulations120

::
are

:::::
both

::::::::
available. Figure 2d displays the distance to the nearest gauge for the OPERA domain if all� 7700 gauges would be

available. The large variability in space of the underlying rain gauge network density is obvious. The median and mean distance

to the nearest rain gauge is 42 km and 92 km, respectively. These relatively long distances are mainly caused by areas above

land surface with low rain gauge network densities, and above sea. The ECA&D rain gauge dataset will be used to evaluate the

various radar precipitation datasets and will be merged with 1-h radar accumulations.125

The rain gauge data have undergone quality control by the ECA&D team (Project team ECA&D, Royal Netherlands Meteo-

rological Institute KNMI, 2021) and often by NMHS. Given the latency in gauge data provided to ECA&D for some networks

and to prevent spatial differences in the quality of merged radar-gauge QPE, only data up to and including 2020 are used. At

the time of data production (mid June 2022) it was found for some countries that the density of gauge networks from which

data were available is relatively sparse (Bosnia and Herzegovina, Croatia, Denmark, Hungary, Iceland, Lithuania, Portugal,130

Romania, Slovakia, Spain, Switzerland), no data are available (e.g., Bulgaria, Greece, Kosovo, North Macedonia) or not com-

plete for the entire period (e.g., for Romania it ends 31 September 2020, for Serbia it ends 31 December 2017, only a few years

for Montenegro, and time series from most stations in the United Kingdom end 31 December 2019).

The daily measurement interval of gauges is often not exactly known to ECA&D. For instance, the metadata for some

networks is imprecise as aggregation intervals ending at 06:00, 07:00 or 08:00 UTC are lumped together. Sometimes, additional135

information on the measurement interval end time from the respective NMHS was available and selected. In order to determine

the exact measurement interval for other gauge networks, gauge accumulations are compared to OPERA 24-h accumulations

by testing different measurement interval end times. For each network, distributions of
::::::
Pearson

:
correlation coef�cients for all

gauge locations are evaluated for each interval end time using Ridgeline plots. The measurement interval end time with the

highest correlations is selected for that given network. The end times of the observations display a large variability across140

Europe from 0 UTC (9 networks), 6 UTC (16 networks), 6 UTC in summer and 7 UTC in winter (1 network), 7 UTC (1

network), 8 UTC (3 networks), 9 UTC (2 networks), 18 UTC (3 networks), 21 UTC (1 network), to 22 UTC in summer and 23

UTC in winter (1 network).

A pan-European dataset, E-OBS version 25.0e (https://surfobs.climate.copernicus.eu/dataaccess/access_eobs.php#data�les),

of gridded, daily, interpolated ECA&D gauge accumulations (Cornes et al., 2018) is used to compute annual precipitation ac-145

cumulations. These will be used for comparison with EURADCLIM accumulations.
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2.3 Satellite cloud type product

Information on the occurrence and type of clouds was obtained from the Spinning Enhanced Visible and Infrared Imager (SE-

VIRI) onboard the geostationary Meteosat Second Generation (MSG) satellites operated by the European Organisation for the

Exploitation of Meteorological Satellites (EUMETSAT). The CLoud property dAtAset using SEVIRI edition 2 (CLAAS-2)150

was used, produced by EUMETSAT's Satellite Application Facility on Climate Monitoring (CM SAF). CLAAS-2 (Finken-

sieper et al., 2016; Benas et al., 2017) is a climate data record of cloud properties derived from SEVIRI measurements and

extending from 2004 to present. The CLAAS-2 cloud type product was derived with the MSGv2012 software package devel-

oped by the SAF on Nowcasting and Very Short Range Forecasting (NWC SAF). Further details on the retrieval algorithm

can be found in Derrien and Le Gléau (2005) and NWC SAF (2013). The temporal resolution of CLAAS-2 is 15 minutes. Its155

spatial resolution is 3 km� 3 km at the sub-satellite point and around 4 km� 7 km in the centre of the OPERA domain (� 52�

N). The cloud type was converted from the CLAAS-2/SEVIRI grid to the native OPERA radar grid of 2 km by 2 km using

nearest neighbour resampling. This dataset is available day and night and is used to remove non-meteorological echoes from

the OPERA radar data. Over the period 2013-2020, 99.7% of the 15-min intervals have valid data.

3 Methodology160

The �owchart in Fig. 3 provides an overview of the input datasets, the applied processing, and the output dataset EURADCLIM.

Three algorithms are applied to further remove non-meteorological echoes from the OPERA radar data. Finally, the radar data

are merged with the ECA&D rain gauge data.

3.1 Gabella clutter �lter

The functionclutter.gabellafrom the open-source Python library for weather radar data processing wradlib version 1.9.0165

(Heistermann et al., 2013; Mühlbauer et al., 2020) is employed to classify non-meteorological echoes. This Gabella �lter is a

two-part algorithm (Gabella and Notarpietro, 2002; Wradlib, 2021), which uses as input the radar re�ectivity factors. For this,

rain rates are converted to radar re�ectivity factors employingZh = 200R1:6 (beforehand “undetect” and “nodata” values are

set to 0 mm h� 1). Then the Gabella �lter is used to classify grid cells using the Cartesian radar re�ectivity factor data. In the

�rst part of the �lter, strong spatial gradients are identi�ed by checking for each grid cell how many cells surrounding it in a170

square lattice of5 � 5 cells are less than 6 dBZh lower than the central cell. When this number of cells is lower than 6, the

central cell is identi�ed as clutter. In the second part of the �lter, the ratio between the area and circumference for contiguous

echo regions is computed, where these consist of cells with a value above 0 dBZh . When the absolute value of this ratio is

lower than 1.3, the central cell is identi�ed as clutter. Next, the original surface rain rates are set to 0 mm h� 1 in case one or two

of the parts of the Gabella �lter identify clutter. Central cells that have “nodata” values in the original rain rates are unaffected175

by the Gabella �lter, and “undetect” values are kept in case of no clutter. A successful example of applying the Gabella clutter

�lter for the Netherlands and surroundings is provided in Fig. 4a–b.
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Figure 3. Flowchart of radar and gauge data processing for EURADCLIM.

3.2 Satellite cloud type mask clutter �lter

A satellite cloud type mask is employed to classify remaining non-meteorological echoes. Localisation errors (e.g., advection,

timing differences between radar and satellite, parallax) are taken into account by considering all grid cells in a square lattice180
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of 7 � 7 cells containing the central cell for which the classi�cation is performed. The rain rate for this central cell is set

to 0 mm h� 1 when all cells in the square lattice are either classi�ed as cloud-free or as containing semitransparent clouds

(which are assumed to be non-raining). Concretely, these cases correspond to the following MSGv2012 cloud type categories:

cloud free land, cloud free sea, land contaminated by snow, sea contaminated by snow/ice, high semitransparent thin clouds,

high semitransparent meanly thick clouds, and high semitransparent thick clouds. In case satellite data is not available for185

a given pixel (category “non-processed containing no data or corrupted data” or no �le/image available), that pixel is not

used as a neighbouring pixel and the radar pixel directly beneath it will not be labelled as clutter. Figure 4c–e illustrates the

working of this algorithm by providing a 15-min radar rain rate, before and after applying the satellite cloud type mask, which

is also displayed. Because the satellite images are referenced to with the start time of observation and the radar composites

are referenced to with the end time of observation, a satellite image of, for example, 12:00 UTC is combined with the radar190

composite of 12:15 UTC.

3.3 Static clutter �lter

The 15-min radar rain rates are accumulated to 1-h and these to annual precipitation accumulations. The functionclut-

ter.histo_cutfrom the open-source Python library for weather radar data processing wradlib version 1.9.0 (Heistermann et al.,

2013; Mühlbauer et al., 2020; Wradlib, 2022) is employed to classify non-meteorological echoes in the annual precipitation195

accumulation. First, a histogram of 50 classes is computed from the annual precipitation from a given year using all grid

cells. Next, the class with the largest frequency is determined. An iterative procedure detects those classes with a frequency

below 5% of the frequency of the class with the largest frequency (the hard-coded default value is 1%). The procedure stops

when the changes in the maximum annual rainfall from the remaining classes becomes (smaller than) 1 mm compared to the

previous iteration. The grid cells corresponding to the detected classes become the static clutter mask. For each year a sep-200

arate static clutter mask is obtained. This algorithm identi�es areas with static clutter and may also detect areas affected by

beam-blockage
:::::
beam

:::::::
blockage. Next, inverse distance weighted interpolated values are computed for the identi�ed grid cells

(inverse distance weighting power of 2; maximum of 4 neighbours). This value replaces the original value only in case it is

lower than the original value. The original “nodata” values are kept in the output dataset. The interpolation is performed on

the 1-h precipitation accumulations. From the cleaned 1-h accumulations, which are used for merging with rain gauge ac-205

cumulations, 24-h accumulations for every clock-hour are derived. Figure 4f–h shows an example of an annual precipitation

accumulation, the derived annual precipitation accumulations after applying the static clutter mask including interpolation on

the underlying 1-h radar precipitation composites, and the corresponding static clutter mask. The mask seems to correspond

mostly to areas with high annual precipitation. In theory, the interpolation could decrease precipitation estimates for areas

with beam-blockage
::::
beam

::::::::
blockage. Areas withbeam-blockage

::::
beam

::::::::
blockage

:
are not abundant, though. Also note that a210

beam-blockage correction has already been applied by OPERA.
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Figure 4. Illustration of application of all three clutter removal steps and the rain gauge adjustment, i.e., of all processing steps in EU-

RADCLIM. (a)–(b) Application of the Gabella clutter �lter (map data ©OpenStreetMap contributors 2022. Distributed under the Open Data

Commons Open Database License (ODbL) v1.0), and of (c)–(e) the cloud type mask to remove non-meteorological echoes from a 15-min

OPERA composite of rain rates. For the cloud type mask, the grey areas indicate where the cloud type does not belong to the seven categories

listed in Sect. 3.2, and for which the radar rain rates were thus left untouched. (f)–(h) Illustration of application of the static clutter mask,

derived from the annual precipitation map, to 1-h radar precipitation composites, which are accumulated to an annual precipitation map.

(i)–(k) Application of the radar-gauge merging algorithm going from unadjusted to adjusted 1-h rainfall accumulations employing the 1-h

adjustment factor �eld. (c)–(k) Maps made with Natural Earth. Free vector and raster map data ©naturalearthdata.com.
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