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Regional convection-permitting meteorological reanalyses substantially improve the atmospheric representation
compared to convection-parameterized counterparts. This holds particularly for multi-scale driven variables such
as precipitation in terms of spatial structures, intensity and frequency rates, or the timing and peak of its summer
diurnal cycle. However, the simulation of convective-related phenomena is highly model-dependent, implying
the inability to sample the full range of natural variability with single-model experiments. This challenge is
exacerbated for km-scale simulations owing to the intrinsic chaotic nature underlying convection. Multi-model
ensembles of high-resolution climate models demonstrate to reduce the simulation errors associated with indi-
vidual model outputs over Europe. When applied to retrospective estimates, such ensemble approach could then
offer a comprehensive, homogeneous, and optimized assessment of past atmospheric states.

This study presents the first multi-model ensemble of regional reanalyses over Italy considering four recently
produced datasets to assess the added value of their joint use. These products are derived by dynamically
downscaling the global reanalysis ERA5 with different numerical models: MERIDA_HRES, MOLOCH, SPHERA
and VHR-REA_IT. The reference dataset for comparison is the pluviometer-based hourly analysis GRIPHO. The
investigation over 2007-2016 includes the annual and seasonal variations in daily and hourly mean rainfall
intensity and frequency, heavy precipitation occurrences, and their summer diurnal cycles. No single dataset
systematically outperforms the others, and substantial inter-model variability is detected for summer precipi-
tation. The ensemble improves rainfall statistical estimates compared to individual reanalyses by providing more
realistic spatial patterns, enhanced skill, and reduced biases relative to observations. These findings have po-
tential implications for downstream reanalysis applications.

1. Introduction including heavy precipitation, hail, flash floods, and windstorms.

Convective precipitation, often resulting in rapid accumulation over

Severe precipitation is one of the most hazardous threats to terres-
trial ecosystems, globally causing devastating impacts on the environ-
ment, socio-economic human activities, and animal welfare. The recent
escalation of the associated impacts observed in Mediterranean regions
(e.g. Cremonini et al., 2024), among others (e.g. Mohr et al., 2022), is
attributable to the increased frequency and severity of extreme rainfall,
primarily driven by anthropogenic climate change (Seneviratne et al.,
2021; Caillaud et al., 2024), which is projected to further intensify by
the end of century (Zittis et al., 2021). This situation prompts an ever-
growing effort to enhance the understanding of these atmospheric
events in order to enable the implementation of effective disaster-risk
reduction and mitigation strategies (Shah et al., 2020). Deep moist
convection (DMC) is a key process driving damaging severe weather
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localized regions associated with thunderstorms that typically last from
a few minutes to several hours, is a primary contributor to the occur-
rence of devastating floods (e.g. Grazzini et al., 2020a; Grazzini et al.,
2020b; Gimeno et al., 2022). Furthermore, convective precipitation is
the predominant source of precipitation in many regions around the
world, which role is continuously growing as a result of global warming
(Han et al., 2016; Ye, 2018; Chernokulsky et al., 2019).

The advancement of precipitation process representation through
numerical weather prediction (NWP) models has historically called for
increasing refinements in atmospheric simulations. For example,
limited-area regional climate models (RCMs) provide a more detailed
representation of atmospheric system evolution due to their enhanced
spatio-temporal resolution. Consequently, RCMs can outperform global
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climate models (GCMs) from which they are derived through down-
scaling. Indeed, many aspects of the simulations are improved when
transitioning from meso-a to meso-f spatial resolutions (e.g., Torma
et al., 2015), but no systematic benefits have been detected when
decreasing the grid spacing from e.g. 50 to 10 km (Kotlarski et al., 2014).
A substantial leap forward has been achieved when moving to the
convection-permitting (CP) scale (also referred to as convection-
allowing, convection-resolving, or km-scale), where NWP models
employ horizontal grid spacings of only a few km (< 4). This allows to
switch off deep convection parameterization schemes, which are major
sources of errors and inaccuracies. CP models enable the explicit rep-
resentation of most deep convective processes (Weisman et al., 1997),
which has been shown to significantly improve the quality of the sim-
ulations, particularly of convective-related phenomena (Prein et al.,
2015; Leutwyler et al., 2017). The advantages of CP models over their
coarser-resolution counterparts have been detected across numerous
aspects, as thoroughly reviewed by Prein et al., 2015. These advantages
include: enhanced representation of precipitation intensities (Ducrocq
et al.,, 2008; Prein et al., 2013a), improved summer diurnal cycles
(Fosser et al., 2015; Brisson et al., 2016), and a reduction in intensity
and frequency biases for average and extreme daily and hourly rainfalls
(Berg et al., 2013; Ban et al., 2014; Pal et al., 2019). Moreover, CP
models exhibit better spatial variability and finer structure concerning
localized precipitation extremes (Wahl et al., 2017; Stocchi et al., 2022),
effectively simulate the formation of convective self-regenerating
thunderstorms (Clark et al., 2016), and capture phenomena linked to
interactions with complex topography and surface heterogeneities, such
as urban areas and land-sea contrasts (Weusthoff et al., 2010; Prein
et al., 2013b; Kirshbaum et al., 2018). These benefits are evident also
when employing high-resolution retrospective numerical datasets, such
as regional reanalyses or hindcasts, to analyze past precipitation states
from a CP perspective (e.g. Wahl et al., 2017; Gleeson et al., 2017).

Although CP datasets have demonstrated numerous benefits in
simulating convective-related phenomena, they also possess some
inherent limitations. For instance, shallow convection plays a crucial
role in initiating and sustaining DMC (Holloway and Neelin, 2009), yet
is not explicitly represented at CP scales and remains a sub-grid scale
process that needs to be parameterized (Soares et al., 2004). This
constraint could adversely affect the accurate representation and orga-
nization of convection (Teixeira et al., 2008). Consequently, CP simu-
lations are highly-model dependent owing to both the intrinsic chaotic
nature of convective processes and the numerical approximations
introduced to describe them. Ensemble simulations have emerged as an
effective method to take into account the uncertainty inherent in the
chaotic atmospheric system by probabilistically sampling potential
evolutionary paths of a simulation through initial-condition perturba-
tions (e.g. Molteni et al., 1996). For instance, CP-model ensembles have
demonstrated their ability to improve the characterization of future
climatic rainfall projections (Kendon et al., 2019), enhance the skill of
short-range precipitation forecasts (Ferrett et al., 2021), and provide a
more accurate representation of heavy precipitation events (Klasa et al.,
2018; Cerenzia et al., 2020). However, while ensembles generated from
single-model experiments can effectively estimate the uncertainty
related to initial conditions, they may under-represent the full spectrum
of natural variability inherent in the physical processes involved. This
limitation undermines the reliability of the estimates derived from in-
dividual numerical models, which are inherently biased by their specific
physical assumptions (e.g. Tebaldi and Knutti, 2007; Deser et al., 2012).
The absence of comprehensive sampling of the atmospheric system's
internal variability is further amplified at finer spatial scales, where
local interactions between the atmosphere and surface heterogeneities
can exert a stronger influence (Hawkins and Sutton, 2009; Deser et al.,
2014).

To address this limitation, multi-model ensembles (MMEs) — which
involve the concurrent use of mulitple modeling configurations, each
with its distinct physical representations — have gained increasing
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interest in climate and weather sciences (Sahai et al., 2021). These
MMEs have demonstrated notable improvements over single-physics
simulations (e.g. Greybush et al., 2017; Xu et al., 2020). Indeed,
MMESs enhance the sampling of the atmosphere's internal variability,
particularly in low-predictability scenarios such as extreme convective
events. This consent to strengthen the robustness of NWP models out-
puts (e.g. Fowler et al., 2007; Wu et al., 2014), which is essential for
developing effective climate adaptation and mitigation strategies. Novel
applications of RCMs at the CP scale within a MME framework — pre-
viously approached from a single-model perspective — have demon-
strated added value in accurately capturing high-impact precipitation
occurrences. These enhancements include: improved simulations of
specific and dynamically diverse severe events (Coppola et al., 2020;
Capecchi, 2021; Giovannini et al., 2021), even in regions with highly
complex topography (Prein et al., 2023; Collier et al., 2024), as well as
advances from the Lagrangian perspective through the implementation
of tracking algorithms (Miiller et al., 2023); a more accurate represen-
tation of fine-scale details and a substantial reduction of the biases
relative to observations, particularly when assessing changes in local-to-
regional precipitation patterns under both historical and future climate
scenarios (Kendon et al., 2019; Kendon et al., 2021; Pichelli et al., 2021;
Kim et al., 2024), with notable improvements during the summer season
(Ban et al., 2021); and an enhanced adherence to the diural cycle of
precipitation (Van Lipzig et al., 2023).

However, to our knowledge, no investigations have yet been un-
dertaken to assess the potential of the MME framework applied to a set
of CP retrospective regional reanalyses. Conducting such evaluation
could be valuable to determine an optimized reference of a historical
period, which would serve as a robust baseline for assessing potential
changes in the present and future evolution of the climate system.
Indeed, CP reanalyses provide a comprehensive, multivariate and ho-
mogeneous description of past atmospheric conditions, bridging
discontinuity gaps in historical observations. This capability not only
advances our understanding of past climate variability (Dee et al., 2011;
Hersbach et al., 2020), but also provides valuable datasets for the
training of cutting-edge machine-learning-based data-driven models (e.
g. Lang et al., 2024). In recent years numerous efforts have been devoted
to the production of high-resolution CP regional reanalysis products for
Italy (Capecchi et al., 2023; Giordani et al., 2023; Adinolfi et al., 2023;
Viterbo et al., 2024). Recently, the precipitation fields derived by these
products have been inter-compared among each other and with lower-
resolution reanalysis datasets (Cavalleri et al., 2024b). The results
highlighted the added value of CP frameworks in reproducing local-scale
daily rainfall patterns, although they also revelaed a substantial increase
in biases and a reduction in the inter-coherence among high-resolution
reanalyses, particularly during the summer season. Hence, this study
aims to synthesize these individual efforts through a MME approach to
assess whether combining diverse CP reanalysis products can enhance
the characterization of precipitation over Italy. Additionally, it aims to
analyze the inherent inter-model variability that reflects the internal
uncertainties associated with the varying physical representations
involved.

The remainder of the manuscript is organized as follows: Section 2
outlines the characteristics of the regional reanalyses, the observational
reference considered, and the methods adopted to construct and eval-
uate the performance of the MME; Section 3 presents the results of the
analysis, distinguishing between annual and seasonal trends, and de-
tailing both daily and hourly precipitation, as well as examining three
significant heavy precipitation events of varying dynamical character-
istics; in Section 4 we discuss the implications of these findings, while
Section 5 concludes the paper with a summary of the results and pro-
poses potential avenues for future research and applications.

2. Data and methods

This section describes the CP reanalyses included in the study, the
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observative reference considered for their evaluation, and the analysis
approach applied.

2.1. High-resolution reanalysis datasets over Italy

The main characteristics of the reanalysis datasets considered are
summarized in Table 1. Each dataset is derived through a dynamical
downscaling of the global ECMWF Reanalysis v5 (ERA5 - Hersbach
et al., 2020), which is produced at the European Centre for Medium-
Range Weather Forecasts (ECMWF). All individual datasets have
demonstrated quantitative improvement over their common driver,
ERAS, for the representation of precipitation (Capecchi et al., 2023;
Giordani et al., 2023; Adinolfi et al., 2023; Viterbo et al., 2024). The
spatial domains of all datasets are centered over Italy (Fig. 1a) with
horizontal grid spacings ranging from 2.2 to 4 km. These resolutions
allow to turn off the deep-convection parameterization schemes in the
driving NWP models, hence, only shallow convection is parameterized
with a common reduced mass-flux closure scheme (Tiedtke, 1989). The
output fields for all datasets are generated at hourly temporal frequency.
Recent inter-comparisons conducted by Cavalleri et al. (2024b) have
exaxmined the daily precipitation characteristics of these products
against coarser reanalyses, revealing substantial variability among
them. The findings underscore the enhanced value of the CP represen-
tation at the local scale, particularly in contrast to convection-
parameterizing counterparts. In the following we provide a concise
overview of each dataset; for further details readers are referred to the
respective scientific publications.

MERIDA_HRES: the MEteorological Reanalysis Italian DAtaset High-
resolution for Renewable Energy Sources (MERIDA_HRES; Viterbo et al.,
2024) is produced by Ricerca sul Sistema Energetico (RSE) as a 4-km
refinement of the original MERIDA reanalysis obtained by down-
scaling ERAS at a horizontal resolution of 7 km (Bonanno et al., 2019).
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MERIDA _HRES is driven by the NWP model Weather Research and
Forecasting — Advanced Research (WRF-ARW - Skamarock et al., 2008)
v3.9 over the years 1986-2022. A set of observational data is assimilated
to steer the numerical simulations towards the reference atmospheric
state. Particularly, a spectral nudging scheme is employed to assimilate
observations related to geopotential height, temperature, and horizontal
wind components, while continuous nudging is used to assimilate 2 m-
temperature information. Additionally, aerosol data reconstructed from
the global reanalysis dataset Modern-Era Retrospective analysis for
Research and Applications, version 2 (MERRA-2 — Molod et al., 2015)
are integrated into the MERIDA_HRES framework.

MOLOCH: the NWP non-hydrostatic and fully compressible model
MOdello LOCale in Hybrid coordinates (MOLOCH - Malguzzi et al.,
2006), maintained by the Italian InStitute of Atmospheric sciences and
Climate - National Research Council (ISAC-CNR), has been considered to
develop a CP hindcast at 2.5 km horizontal grid spacing by LAboratorio
di Meteorologia e Modellistica Ambientale per lo sviluppo sostenibile
(LAMMA - Capecchi et al., 2023). The retrospective dataset is obtained
by dynamically downscaling ERA5, which involves an intermediate
nesting procedure over Europe using the BOlogna Limited Area Model
(BOLAM - Davolio et al., 2020) with a 7 km horizontal grid. BOLAM is
then further refined over Italy to achieve the final high-resolution grid of
MOLOCH for the period 1979-2024.

SPHERA: the Special Project High rEsolution ReAnalysis over Italy
(SPHERA - Cerenzia et al., 2022; Giordani et al., 2023) is a regional
reanalysis produced by the hydro-meteo-climate service of the Emilia
Romagna region, Italy (ARPAE-SIMC) through the non-hydrostatic
limited-area model COnsortium for Small-scale MOdelling (COSMO -
Schattler et al., 2018) v5.05 at the CP horizontal grid spacing of
approximately 2.2 km. A continuous nudging scheme is implemented to
assimilate observational data of pressure, wind speed, humidity and
temperature at the local scale in order to steer the model trajectories

Table 1
Main technical characteristics of the regional reanalysis datasets considered.
DATASET MERIDA_HRES MOLOCH SPHERA VHR-REA_IT
Developing institute RSE LAMMA ARPAE CMCC
Initial conditions ERA5 ERA5/BOLAM ERA5 ERAS
Boundary conditions ERAS5 (updated every 1 h) ERAS (updated every 6 h) ERAS (updated every 1 h) ERAS (updated every 3 h)
Nesting 1 step 2 step (intermediate step through 1 step 1 step
BOLAM)
Spatial domain 33°N, 3°W; 34.2°N, 2.4°E; 35°N, 5°E; 36°N, 5°E;
52°N, 28°E 49.6°N, 19.9°E 49°N, 20°E 48°N, 20°E

Horizontal resolution 0.04° (~4 km), 0.023° (~2.5 km), 506 x 626 grid

520 x 520 grid cells cells
Vertical resolution 56 levels 50 levels
Temporal frequency 1h 1h
Time span 1986-2022 1979-2024
NWP model WRF-ARW v3.9 MOLOCH
Data assimilation Spectral nudging of NO

geopotential height,
temperature, wind.
Observation nudging of 2 m-
temperature.

Assimilation of MERRA2
reanalysis aerosol data
5-class single-moment scheme
(Thompson et al., 2008)
6-layer soil model (with 6
months of spin-up) NOAH-MP
(Niu et al., 2011)

Microphysics scheme
and Malguzzi, 2004)
Land-surface scheme

Boundary layer Yonsei University scheme 1.5 order closure scheme (Zampieri

5-class single-moment scheme (Drofa

7-layer soil model (Buzzi et al., 2014)

0.02° (~2.2 km), 576 x 701 grid cells 0.02° (~2.2 km),

585 x 730 grid cells

65 levels 50 levels

1h 1h

1995-2020 1989-2023
COSMO v5.05 COSMO-CLM v5.0
Continuous observational nudging of NO

pressure, horizontal wind speed, humidity
and temperature

5-class single-moment scheme (Doms et al., 2011)

7-layer soil model TERRA (Doms et al., 7-layer soil model TERRA (Doms et al.,

2011) 2011) with TERRA-URB for urban
parameterization
(Wouters et al., 2016)

2.5 order closure scheme (Mellor and 1.5 order closure scheme (Mellor and

Yamada, 1982) Yamada, 1982)

scheme (Hong et al., 2006) et al., 2005)
Shallow convection Reduced mass-flux closure only for shallow convection (Tiedtke, 1989)
scheme

Radiation scheme Rapid radiative transfer model & two-stream scheme (Ritter and
(Tacono et al., 2008)
scheme

(Morcrette et al., 2008)
Capecchi et al. (2023)

Reference Viterbo et al. (2024)

Geleyn, 1992) and ECMWF radiation

8 two-stream scheme (Ritter and Geleyn, 1992)

Giordani et al. (2023) Raffa et al. (2021)




A. Giordani et al.

Atmospheric Research 328 (2026) 108402

4000
3800
3600
3400
3200
3000
2800
2600
2400
2200 -
2000 ®
r 1800
r 1600
r 1400
r 1200
r 1000

b)

12°E

14°E 16°E 18°E

- 800
600
400
200
0

©

Fig. 1. a) The spatial domain and model orography. b) The distribution of the 3712 rain gauges included in GRIPHO (taken from Fantini, 2019).

towards the observed atmospheric state. SPHERA covers Italy, neigh-
bouring countries and surrounding seas over the years 1995-2020.
VHR-REA _IT: the Very High Resolution REAnalysis for ITaly dataset
(VHR-REAIT - Raffa et al., 2021; Adinolfi et al., 2023) is a high-
resolution dataset produced at the Centro euro-Mediterraneo sui Cam-
biamenti Climatici (CMCC) through a dynamical downscaling of ERA5
using the COSMO model in CLimate Mode (COSMO-CLM) v5.0 at 2.2 km
over 1989-2023. Similarly to MOLOCH, no additional observations are
assimilated at the regiornal spatial scale within VHR-REA_IT.

2.2. Observations

To assess the performance of the ensemble of regional reanalyses, the
GRidded Italian Precipitation Hourly Observations (GRIPHO) dataset is
considered (Fantini, 2019), which is produced by the Abdus Salam In-
ternational Centre for Theoretical Physics (ICTP). GRIPHO is obtained
from a statistical interpolation of over 3700 rain gauges across the
Italian domain (Fig. 1b) after data checking, flagging and cleaning.
Further, a validation and comparison with other precipitation observa-
tional products has also been performed (Fantini, 2019). The resulting
rain-gauge analysis offers an estimate of precipitation over Italy at
hourly frequency on a 3-km grid, covering the period 2001-2016. While
the GRIPHO dataset boasts high spatio-temporal resolution, it is essen-
tial to acknowledge certain limitations when interpreting rainfall ob-
servations from in-situ instruments (Prein and Gobiet, 2017). These
limitations include the underestimation of precipitation intensity in re-
gions with sparse or heterogeneous sensors distribution (for instance in
montainous regions — Crespi et al., 2018). Additionally, systematic
under-catching may occur due to wind-induced drifting of hydrometeors
(La Barbera et al., 2002), as well as potential losses from wetting and
evaporation (Frei et al., 2003). Further, the interpolation of data from
sparse sensor networks onto a regular grid - a necessary procedure for
homogenizing spatial information - can introduce further discrepancies
between interpolated values and the actual rainfall state. These dis-
crepancies may manifest as underestimations of peak and localized
rainfall intensities owing to spatial smoothing, as well as over-
estimations of lower intensities resulting from the spread of moist fields
into drier regions (Isotta et al., 2014). Previous research has indicated
that undercatching by rain gauges can lead to substantial un-
derestimations of rainfall, potentially ranging from 4 to 50 % (Frei et al.,
2003). Accordingly, to account for potential observational uncertainties,
the following analysis considers relative biases in rainfall measurements
between numerical datasets and observations to be acceptable within a

range of —5 % to +25 % (Frei et al., 2003; Ban et al., 2021).

2.3. Analysis and statistical indices

This study presents a comprehensive statistical analysis of precipi-
tation patterns, considering both individual datasets and their ensemble
aggregations over the common period 2007-2016. The methodology
adopted for the statistical assessment mostly builds on the approaches of
Ban et al. (2021) and Pichelli et al. (2021), who investigated various
aspects of rainfall within a MME framework of CP RCMs over Europe,
providing a comprehensive evaluation of their performance. We employ
a set of statistical indices evaluating diverse characteristics of rainfall
estimates at both daily and hourly resolutions (Table 2). The analysis is
conducted by considering annual and seasonal aggregations separating
among: spring (March-April-May; MAM), summer (June-July—-August;
JJA), fall (September-October-November; SON), and winter (Decem-
ber-January-February; DJF). To take into account the influence of
drizzle and very light rain on the statistical distributions, we separately
consider wet days (or wet hours) as those with accumulated precipita-
tion exceeding 1 mm per day (or 0.1 mm per hour). Additionally, to
explore the characteristics of heavy precipitation events, we examine
indices based on the 99th percentile for daily precipitation and the
99.9th percentile for hourly precipitation across the complete datasets,
which includes both wet and non-wet days and hours following Schar
et al., 2016. A pre-processing step is employed across all numerical and
observational datasets to homogenize the representativeness of their
outputs, ensuring comparability of results. This involves reprojection
onto a common regular grid with horizontal resolution of 3 km, achieved
through a conservative remapping method (Diaconescu et al., 2015).
The selected grid minimizes deviations from the reference dataset,
which has a comparable native resolution, while also accomodating the
varying resolutions of the individual datasets, which range from 2.2 to
4.0 km. An observational mask is applied to retain only those grid points

Table 2

Statistical indices employed in the analysis. A wet day (hour) is defined as a day
(hour) with precipitation >1 mm e d'(>01mmeh™). Heavy daily (hourly)
precipitation is defined as the percentile 99th (99.9th) of the distribution.

Index Symbol Units

Mean daily precipitation dad mmed!

Wet day/hour intensity ddiy / hhing mmed!’/ mmeh!
Wet day/hour frequency ddfreq / hhyreq fraction

Heavy daily/hourly precipitation ddyoo / hhyoo.0 mmed!/ mmeh!
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where GRIPHO values are present, thus focusing exclusively on locations
over land within the Italian territory. This process yields an average of
36,458 valid grid points. Subsequently, the spatio-temporal distribu-
tions of the four numerical datasets are then aggregated through
concatenation to generate the MME estimate.

The performance of individual datasets and ensemble-derived esti-
mates for the statistical indices listed in Table 2 is assessed considering a
comprehensive suite of skill-score metrics, as detailed in Table 3, to
enable a thorough evaluation of various precipitation characteristics.
Three skill scores - namely, spatial correlation coefficient (pspqr), spatial
variability (SpatVar), and centered and normalized root mean squared
error (CRMSE) - can be summarized in the Taylor diagram due to their
inherent geometric relationships (Taylor, 2001). Indeed, through the
Law of Cosines it is possible to write:

CRMSE? = O-Zmad + ogbs - 26m0d60b5pspat

where 6moq and oops represent the spatial standard deviations of the
modeled (i.e. reanalysis) and observed precipitation fields, respectively.
The Taylor diagram facilitates a visual assessment of the similarity be-
tween numerical datasets and observational data, enabling the identi-
fication of deviations in the modeled precipitation fields from the ideal
state (having pspar = 1, SpatVar = 1 and CRMSE = 0). Additionally, we
consider the Equitable Threat Score (ETS) for quantifying the skill of
reanalyses in predicting precipitation exceedances for a set of thresholds
(Schaefer, 1990). The ETS is a categorical verification metric that ac-
counts for hits that could occur by random chance and is defined as:

H-H, (H + F)-(H + M)
N

ETS=— " "
S=HIFiM-H

with H, =

where H is the number of hits (correct forecasts of event occurrence), F is
the number of false alarms (forecasted events that did not occur), M is
the number of misses (events that occurred but were not forecasted), and
H, is the number of hits expected by chance given the total number of
forecasts N. The ETS ranges from —1 to 1, where 1 indicates a perfect
forecast, 0 corresponds to no skill beyond random chance, and negative
values indicate worse-than-random forecasts. By adjusting for chance
agreement, ETS provides a more equitable assessment of forecast quality
than the traditional Threat Score, especially for rare events such as
heavy precipitation. The diurnal cycle of summer precipitation is also
analyzed, which is a critical aspect largely influenced by the variations
in convective activity throughout the day. To gain insights into the
impact of topographical diversity on precipitation distribution in Italy,
the daily cycles are calculated separating the grid points by altitude:
plains (0-300 m above sea level, asl.), hills (300-600 m asl.), and
mountains (> 600 m asl.). Additional investigations focused on case
studies of high-impact precipitation events occurring in different sea-
sons are included. For these events the Contiguous Rain Area (CRA)
analysis is considered (Ebert and McBride, 2000). The CRA is an object-
oriented method that aims at objectively verify distinct spatial entities of
rainfall fields, where an entity is anything that can be defined by a closed
contour. For each entity identified in the reanalysis and observed pre-
cipitation fields, the CRA verification employs pattern matching tech-
niques to quantify the mean location error of the centroids features, the
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mismatches of their areal extents, as well as the mean rainfall intensity
errors. To prevent duplicate matches among reanalyses and observa-
tions, the Hungarian algorithm is implemented to assure one-to-one
features matching (e.g., Raut et al., 2021). In order to select only pre-
cipitation features associated with heavy rainfall, a mask based on the
exceedance of the 75th percentile of the aggregated GRIPHO fields over
the event is applied to the spatial distribution of every dataset.
Furthermore, to avoid possible matches among excessively distant and
unrelated spatial features, a maximum distance threshold of 30 km be-
tween the centroids of reanalyses and GRIPHO entities is applied.

3. Results

In this section we present the results of the MME analysis, consid-
ering seasonal aggregations, the summer daily cycle of precipitation,
and their annual characteristics. Further, a detailed examination of three
dynamically-diversified high-impact precipitation events is provided.

3.1. Seasonal analysis

The seasonal inter-MME variability of the relative bias with the
observed precipitation is shown in Fig. 2, which employs box-plots to
depict the distribution of deviations from observed values across the set
of rainfall indices. Each box-plot encompasses the biases associated with
four individual datasets, while the ensemble's overall deviations are
represented by magenta solid dots. Across all seasons, with the excep-
tion of JJA, the distribution of biases exhibits a compact spread,
generally embedded within the acceptable bias range of —5 % to +25 %
(highlighted area in sea green). This suggests a lower magnitude and
variability of deviations from observed precipitation. In contrast, during
JJA, there is a notable increase in both the spread and intensity of the
biases towards excessively wet conditions, with mean overestimations
reaching or exceeding 50 % for indices associated with precipitation
intensity (dd, ddyog, hhins, hhpoo,9), as reported in the associated literature
(Adinolfi et al., 2023; Capecchi et al., 2023; Giordani et al., 2023;
Viterbo et al., 2024; Cavalleri et al., 2024b). The ensemble aggregations
primarily yield biases concentrated in the central portions of the dis-
tributions represented in the box plots, specifically within the inter-
quartile range (i.e., between the 25th and 75th percentiles), mitigating
the wet biases associated with single-reanalysis estimates. Exceptions to
this trend are noted for extreme precipitation indices, which exhibit
contrasting behaviors. For heavy daily precipitation (ddygg), the
ensemble reduces the bias across all seasons, resulting in an almost
unbiased estimate for JJA and a dry bias of approximately —10 % for
other seasons. Conversely, for heavy hourly precipitation (hhpgg.0), the
ensemble results in an intensification of the wet bias, exceeding the 75th
percentile of the distributions for all seasons when compared to most
individual datasets. These contrasting findings are likely attributable to
a smoothing effect that takes place during the ensemble aggregation of
the distribution tails of single datasets associated with extreme precip-
itation. Fig. 3 reports the seasonal quantile-quantile plots comparing the
reanalyses with GRIPHO for dd,o9 and hhyg9,9, providing additional in-
sights into this aspect. The ensemble aggregation tends to systematically

Table 3
Skill-score metrics considered to evaluate the performance of precipitation estimates.
Skill score Symbol  Description
Spatial correlation Pspat Spatial correlation between reanalysis datasets and observations across all grid points
Spatial variability Spatvar  Ratio between the spatial standard deviations of reanalysis datasets and observations across all grid points (%)
Centered and normalized root mean- CRMSE  Area-weighted mean of the centered root-mean squared error between reanalysis datasets and observations, nor;?salized with
squared error Gobs
Relative bias Relative difference Mof spatially averaged/distributed rainfall indices
Equitable Threat Score ETS Measure of the skill of reanalysis in predicting precipitation exceeding a certain threshold while accounting for hits that

could occur by random chance
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Bias spread - 10-year spatio-temporal aggregation (2007-2016)
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Fig. 2. Box-plots of the seasonal average relative bias spread compared to GRIPHO observations for the precipitation indices listed in Table 2. Data are aggregated
over the entire spatio-temporal domain and categorized by season: MAM (orange), JJA (red), SON (yellow), and DJF (blue). The boxes represent the distribution of
bias including the four single datasets, while the magenta solid dots indicate the corresponding ensemble aggregations. The sea-green shaded area highlights the
acceptable uncertainty range due to rain-gauge undercatch, as detailed in Section 2.2. (For interpretation of the references to colour in this figure legend, the reader is

referred to the web version of this article.)

and increasingly underestimate daily precipitation extreme intensities
compared to single reanalyses especially in JJA and SON (panels b-c). In
contrast, for hourly extremes (panels e-h), SPHERA exhibits the largest
overestimations, which substantially contribute to the ensemble devia-
tion from the GRIPHO reference. The spatial distributions of dd,o9 and
hhygg o for JJA, derived from the four individual reanalyses and their
ensemble aggregation (Figs. Al and A2, respectively), along with the
corresponding Taylor diagrams (Fig. A3) and relative bias maps (Fig. A5
and A6 respectively), provide a visual assessment of the smoothing ef-
fect on extreme rainfall estimates.

To assess the performance in reproducing seasonal rainfall in-
tensities, the ETS skill score is analyzed in Fig. 4 for increasing rainfall
exceedance thresholds for daily and hourly estimates during JJA and
DJF (corresponding results for MAM and SON are presented in Fig. A4).
The ensemble aggregation (purple dotted-lines) consistently exhibits the
highest skill both for daily and hourly estimates across all seasons, until,

ddpeg Q-Q plots

together with all individual-dataset curves, it tends to converge towards
low skill values (i.e. > 7.5 mm/h and > 80 mm/d). This indicates the
ensemble's systematically superior ability to accurately identify
observed precipitation occurrences while reducing the number of false
alarms and misses relative to individual reanalyses. Moreover, the en-
semble's skill improves most notably over individual reanalyses in
summer, a season characterized by higher uncertainty in simulating
convective precipitation, whereas individual reanalysis skills tend to be
similar and lower.

In light of the peculiar characteristics observed during the summer
months and the increasing interest in accurately representing high-
impact warm-season convective rainfall, we provide a comprehensive
analysis of the spatial distribution of precipitation during JJA. Fig. 5
illustrates the JJA mean daily precipitation (dd) spatial distribution
averaged across the ten years included in this study. The four reanalysis
datasets exhibit consistent spatial patterns in the mean summer daily
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Fig. 3. Seasonal quantile-quantile plots of dd,oo (upper row) and hhyo9.9 (lower row) over 2007-2016 of SPHERA (blue), MERIDA_HRES (red), VHR-REA_IT (orange),
MOLOCH (cyan), and their ensemble aggregation (magenta) against GRIPHO distributions. MAM (a-e), JJA (b-f), SON (c-g), and DJF (d-h). (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)
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rainfall estimates, with the Alpine region demonstrating the highest
values, including peaks exceeding 6 mm d~!. Additionally, localized
precipitation maxima are identified throughout the Apennines, partic-
ularly in northwestern Italy, the central peninsula, and the central
Calabria region near the Sila plateau. Conversely, the driest areas,
characterized by average accumulations of less than 1 mm d~}, include
the main islands (Sardinia and Sicily), southern Apulia, and sections
along the Tyrrhenian coast. MERIDA_HRES and MOLOCH exhibit com-
parable spatial distributions; however, MOLOCH is characterized by

sharper precipitation peaks, particularly in regions of complex topog-
raphy. SPHERA and VHR-REA_IT, both based on the COSMO model,
demonstrate substantially different characteristics. SPHERA shows
generally increased precipitation intensities over the northern plains,
particularly the Po Valley, although producing less extreme peaks.
Convesely, VHR-REA IT notably produces the highest average precipi-
tation amounts in the Alps, with accumulations exceeding 8.5 mm d ! in
north-Eastern Italy, while mitigating the precipitation intensity over the
plains. The ensemble composite is found to have the most adherent

JJA 2007-2016 - Mean daily precipitation (dd)
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Fig. 5. Spatial distributions of dd during JJA averaged over 2007-2016. The four reanalyses estimates (left and central columns), their ensemble aggregation, and the

GRIPHO observational reference (right column).
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spatial structure with GRIPHO, as demonstrated by both visual assess-
ments and quantitave mesaures. Indeed, the Taylor diagram (Fig. 6)
indicates that the ensemble yields the lowest deviations from the
reference state having the highest correlation coefficient (0.92), the
lowest CRMSE (0.44), and a comparable SpatVar of 1.11 relative to in-
dividual datasets.

The spatial characteristics of the relative bias of daily mean precipi-
tation during summer, as assessed against GRIPHO, are illustrated in
Fig. 7. Distinct bias structures are revealed contingent upon the dataset
employed. Specifically, MERIDA_HRES and MOLOCH exhibit comparable
deviations, with both displaying pronounced wet biases over southern
Italy and the major islands; however, MOLOCH results in drier estimates
over northeastern Italy, the Tyrrhenian coast, the Apulian peninsula and
Sicily. On the other hand, SPHERA and VHR-REA IT produce a peculiar
complementary spatial distribution of the bias in north-central Italy.
SPHERA demonstrates an almost uniform wet bias over the Po Valley
while aligning closely with observational data over the Alps. Conversely,
VHR-REA _IT mitigates overestimations over the plains, albeit at the
expense of exacerbating excessively wet conditions across the Alpine re-
gion - particularly in the northeastern areas - and yielding drier estimates
along the western coastal regions. The ensemble composite reveals an
overall reduction in bias deviation from GRIPHO, except in regions where
(almost) all datasets consistently overestimate, specifically in southern
Apulia, Calabria, and southern Sardinia. This improvement is quantita-
tively assessed via the percentage F of grid points exhibiting an acceptable
bias, with the 4-reanalysis aggregation achieving 39.8 %, while each in-
dividual dataset registers a percentage < 31.6 %.

3.2. Summer daily cycle

Summer precipitation in Italy is predominantly driven by deep-moist
convection, which results in sub-daily rainfall variations largely gov-
erned by the diurnal cycles of lower boundary layer heating and the
associated convective processes. Consequently, CP datasets are expected

Taylor diagram
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Fig. 6. Taylor diagram for the spatial distributions of dd reported in Fig. 5.
GRIPHO is indicated by a solid black star, the individual reanalyses with un-
filled coloured circles, and the ensemble estimate with a solid magenta triangle.
(For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)
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to capture these dynamic characteristics effectively. Fig. 8 reports the
average diurnal cycles of precipitation in JJA, differentiated by plain,
hill and mountain regions based on the altitude of the grid points (i.e. in
the ranges of 0-300 m asl, 300-600 m asl, and > 600 m asl respectively).
A diurnal signal is evident across all datasets and altitudes, exhibiting
enhanced variability towards the precipitation peak observed at 15 UTC.
This peak is found to be slightly anticipated of 1-2 h according to
reanalyses estimates. Furthermore, there is a general trend of increasing
amplitude of the diurnal cycle with altitude, attributable to the topo-
graphic amplification of precipitation characterizing the Italian region
(e.g., Napoli et al., 2019). Notably, larger overestimations of the
observed cycle occur in mountainous areas, which may be partially
ascribed to the inherent inaccuracies of the reference state in regions
with complex topography.

3.3. Annual analysis

To conduct a comprehensive evaluation of precipitation character-
istics in the Italian region, an aggregation of the statistical indices based
on annual data averaged over the 10-year period is included. Fig. 9
shows the heat tables of the three performance metrics included in the
Taylor diagram, as listed in Table 3, considering six of the statistical
indices outlined in Table 2. These metrics are examined for each indi-
vidual dataset and for their ensemble aggregation. Notably, the resulting
ensemble estimates tend to maximize the spatial correlation with the
observations (Fig. 9a) across nearly all indices, and contributes to
minimize the CRMSE (Fig. 9¢), to a lesser extent. The analysis reveals a
certain degree of variability among the performance of the four rean-
alyses, with a general trend indicating superior skill in daily precipita-
tion estimates compared to hourly estimates — particularly for metrics
pertaining to intensity and extreme precipitation. This discrepancy
likely arises from the inherent challenges of accurately capturing rainfall
at higher temporal frequency. Regarding SpatVar (Fig. 9b), the MME
aggregation yields performances that are intermediate between those of
the individual datasets, with the exception of heavy hourly precipitation
(hhpo9.9), for which a reduced spatial variability is detected compared to
almost all single reanalysis counterparts.

3.4. Case studies

This section examines specific events linked to high-impact precipi-
tation occurrences to assess the performance and the potential benefits
of the MME. The aim is to broaden the statistical evaluation presented
thus far by incorporating the perspective of observed extreme rainfall
events. Three distinct cases are considered, each associated with
different dynamical forcings: 1) an intense Mediterranean cyclone that
produced prolonged and persistent precipitation in central Italy during
the fall season and severe impacts over extended areas (Section 3.4.1),
2) an outbreak of multiple convective storms in northeastern Italy
occurred at the end of the summer season resulting in flash flooding and
strong hailstorms (Section 3.4.2), and 3) a deepening of an Atlantic
trough which promoted orographic precipitation over the northern
Apennines in winter (Section 3.4.3). Therefore, evaluating the perfor-
mance of the MME for these events of varying nature is crucial for
assessing the potential benefits of improving the representation of high-
impact weather occurrences.

3.4.1. Flood in central Italy due to Mediterranean cyclone (10-13
November 2013)

Beginning on the 9th of November 2013, the progressive deepening
of a synoptic-scale trough over Europe led to the isolation of a cut-off
low pressure system associated with a Mediterranean cyclone. Fig. 10a
shows the minimum in the mean sea level pressure situated over the
Thyrrenean Sea, along with the corresponding counter-clockwise rota-
tion of the 10-m wind speed field as derived from ERA5 reanalysis for the
11th of November at 11 UTC. This large-scale atmospheric forcing
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JJA 2007-2016 - Mean daily precipitation (dd) - Relative bias with GRIPHO
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induced the northwestward advection of humid air masses from the
southeastern Mediterranean and the Balkan region, resulting in intense
wind gusts and numerous storm surges over the Adriatic coastline.
Furthermore, these conditions induced persistent precipitation across
vast areas of central Italy as the humid air masses impinged over the
Apennine mountain range (ARPAE, 2013). The impact of these events
was exacerbated by an anticyclonic blocking pattern over Eastern
Europe, which hindered the eastward progression of the cyclonic cir-
culation, thereby extending the duration of favorable conditions for
continued precipitation in the region. This resulted in extensive

flooding, coastal erosion, landslides, and two reported fatalities
(Regione Marche, 2013).

The accumulated precipitation field during the four-day event,
derived from the four datasets, their ensemble composite, and GRIPHO
observations, is illustrated in Fig. 11. All datasets reveal a coherent
spatial structure in the rainfall distribution, with significant peaks
exceeding 300 mm located in the inland regions near the Apennines
mountain chain, aligning closely with observed data. Consequently, the
ensemble average retains an adherent spatial structure with the obser-
vations, which is further supported by the associated Taylor diagram
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Fig. 10. Mean sea level pressure (MSLP) field, depicted with color contours, overlaid on the 10-m wind speed field derived from ERAS reanalysis for: a) November
11, 2013, at 11 UTC, b) September 12, 2012, at 14 UTC, and c) January 4, 2014, at 18 UTC.

(Fig. 12a). The differences among the individual datasets are relatively
minor, yet their ensemble aggregation demonstrates superior perfor-
mance, enhancing the spatial correlation coefficient to 0.93, reducing
the CRMSE to 0.37, and yielding a comparable SpatVar of 0.86.
Furthermore, with respect to the CRA spatial metrics (Fig. 13a), the
ensemble provides the best-performing estimates in terms of the lowest
centroid distance with the observed field, a similar and slightly better
rainfall intensity error compared to individual datasets, while its per-
formance in areal extension mismatch ranks second. The added value of
the MME aggregation is evident also in the temporal evolution of the
event (Fig. 14), which reports hourly accumulated precipitation series
recorded at the rain gauge located in the city of Rubbiano (indicated by a
red star in Fig. 11, panel GRIPHO). To facilitate a point-to-point com-
parison, bilinear interpolation is applied to the reanalysis fields based on
the station location. By the end of November 13th, the observed accu-
mulated precipitation reached approximately 300 mm, with the most
significant and rapid increase occurring on November 11th. This trend is
captured by all datasets, although some either underestimated (as
shown by SPHERA and VHR-REA _IT) or overestimated (as indicated by
MOLOCH) the final total up to approximately 30 %. Notably, the
ensemble average yields one of the most adherent curves to the observed
counterpart (represented by the magenta dash-dotted line in Fig. 14),
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reflecting its capability to enhance the reconstruction of the temporal
evolution of the event.

3.4.2. Severe convective storms outbreak (12 September 2012)

On the 11th September 2012 the incursion of a large-scale cold front,
associated with a deep north Atlantic trough, disrupted the prolonged
anticyclonic conditions that had dominated central Europe throughout
the warm season. The synoptic configuration on 12 September (Fig. 10b)
highlights a weaker large-scale forcing compared to the event described
in Section 3.4.1, and is characterized by a shallow low-pressure region
over the Po valley and the Genoa gulf, which sustains northeastward air
advection over north-Eastern Italy. This advected influx initiated the
destabilization of the lower troposphere, subsequently triggering the
development of multiple severe convective storms in the northeastern
regions on 12 September (Kerkmann et al., 2012; Ferretti et al., 2014;
Manzato et al., 2015). The thunderstorms produced daily rainfall ac-
cumulations with localized recorded totals of up to 149 mm, and
extended areas within the Friuli Venezia Giulia region experiencing
precipitation exceeding 70 mm (Fig. 15, panel GRIPHO).

The individual dataset representations of the event (Fig. 15) exhibit
considerable variability in both the magnitude and spatial distribution
of the highest precipitation peaks. For instance, MERIDA_HRES predicts
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Accumulated precipitation over 96 hours (10-13 Nov 2013)
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Fig. 11. Same as Fig. 5 but for the accumulated precipitation over 10-13 November 2013 over central Italy. In the sub-panel GRIPHO is highlighted the location of
the rain gauge in the city of Rubbiano, marked with a red star, which recorded one of the highest rainfall accumulations during the event. The temporal series of this
gauge is analyzed in Fig. 14. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 12. Same as Fig. 6 but: a) for the spatial distributions of Fig. 9, b) for the spatial distributions of Fig. 12, c) for the spatial distributions of Fig. 16.

substantial precipitation amounts >100 mm over inland northern areas
of the region, while SPHERA estimates accumulations exceeding 150
mm near the southeastern coast. In contrast, MOLOCH and VHR-REA_IT
suggest more localized rainfall peaks concentrated in the vicinity of the
northeastern Alps. As a result, the MME aggregation yields a more ho-
mogenized precipitation field, characterized by lower peak values (96
mm), and a notably reduced spatial variability (SpatVar = 0.76 in
Fig. 12b), which is comparable to that of VHR-REA_IT. Despite this
smoothing effect, the ensemble mean closely resembles the observed
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spatial patterns in GRIPHO, as quantitatively evidenced by the highest
correlation coefficient (0.82) and the lowest CRMSE score (0.57)
compared to all individual reanalysis products. A good MME perfor-
mance is obtained also according to CRA metrics (Fig. 13b). Although
MERIDA_HRES achieves the best scores across all the three metrics —
particularly for areal extension and centroid distance, where it clearly
outperforms the other products — the ensemble aggregation ranks second
in all cases, highlighting its ability in capturing the spatial distribution of
observed rainfall.
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Fig. 13. Radar plots of CRA verification metrics for the three precipitation events considered: a) 10-13 November 2013, b) 12 Septeber 2012, ¢) 4-6 January 2014.
The metrics refer to: “Distance” the distance (in km) between matched CRA spatial centroids between reanalyses and GRIPHO, normalized with the maximum
detected distance among the datasets, “Area error” the relative error in CRA object spatial extension, and “Intensity error” the relative error in CRA mean intensity.
The closer the scores are to 1 the more the spatial features resemble those of GRIPHO. The metrics are calculated for precipitation fields exceeding the 75th percentile
values of observed distributions of Figs. 11, 15 and 16 for the three events, respectively, and considering a common maximum distance threshold of 30 km between

reanalysis and GRIPHO detected spatial structures.
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Fig. 14. Accumulated precipitation for the period 10-13 November 2013, at
the Rubbiano rain gauge (indicated by a red star in Fig. 10). The observed data
are represented by the solid and dotted black line, individual reanalysis esti-
mates are reported for SPHERA (blue dashed line), MERIDA_HRES (red dashed
line), VHR-REA_IT (orange dashed line), MOLOCH (light-blue dashed line), and
their ensemble mean (magenta dash-dotted line).

(For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)

3.4.3. Deep trough and orographic precipitation (4-6 January 2014)

On the 4th of January 2014 the progressive deepening of an Atlantic
trough towards east pushed the warm sector of the associated large-scale
front towards north-western Italy, determining a sustained advection of
humid air masses originating from the south-eastern Mediterranean
towards the northern Apennines of Liguria, Emilia Romagna and
Toscana regions (Fig. 10c). This dynamic and slowly-moving configu-
ration determined the occurrence of persistent orographic rainfalls over
the area, producing large accumulations that caused high river
discharge in many catchments, local floodings and several landslides
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(ARPAL, 2014; ARPAE, 2014).

Likewise to the event described in Section 3.4.1, which was similarly
associated with large-scale dynamical systems, the aeral distributions of
the accumulated precipitation over three days reported in Fig. 16 show
similar features among the different datasets. MOLOCH is the only
dataset producing rainfall peaks exceeding 200 mm/72 h as observed in
GRIPHO (which reflects the highest intensity score detected in Fig. 13c).
However, its spatial distribution is less contiguous and more scattered in
smaller and isolated peaks compared to the observations. The other
datasets show a less fragmented spatial structure of precipitation, and a
common trend to underestimate precipitation intensities over the
western regions. Also in this case the ensemble aggregation produces the
best spatial correlation coefficient (Fig. 12c), even if very close to
MERIDA_HRES, as well as the highest area error score (Fig. 13c).

The comparison of skill scores obtained for the three events analyzed
(Figs. 12 and 13) reveals a greater variability among reanalyses — and
consequently higher uncertainty - in the representation of local-scale
convective precipitation systems compared to synopyically-forced and
orographically-induced counterparts. This discrepancy is likely imput-
able to the inherently lower degree of predictability associated with
convective precipitation. Nonetheless, the ensemble aggregation tends
to outperform the individual contributions, underscoring the efficacy of
combining multiple reanalysis datasets to enhance the representation of
precipitation even at the event scale.

4. Discussion

The overarching goal of this study is to present a possible way to
integrate the diverse initiatives recently undertaken by the Italian
meteorological community, which have culminated in the generation of
several regional reanalysis products. The focus lies in determining
whether the synergistic use of these datasets can enhance the repre-
sentation of precipitation. To this end, we conducted a comprehensive
analysis employing a MME of four high-resolution CP regional rean-
alyses, and evaluated multiple aspects of precipitation characteristics
across Italy during the period 2007-2016. For comparison, GRIPHO, an
hourly observational dataset derived from rain gauge measurements,
serves as the reference for observed precipitation.

The MME aggregation improves the representation of precipitation
compared to individual datasets. The resultant rainfall estimates
demonstrate improved consistency with observational data in terms of
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Accumulated precipitation over 24 hours (12 Sep 2012)
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Fig. 15. Same as Fig. 5 but for the accumulated precipitation on the 12th of September 2012 over North-Eastern Italy.

Accumulated precipitation over 72 hours (4-6 Jan 2014)
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Fig. 16. Same as Fig. 5 but for the accumulated precipitation on 4-6 January 2014 over Liguria and Emilia Romagna regions.

spatial distributions, intensity, and frequency, as evidenced by generally
superior skill scores, particularly regarding spatial correlation co-
efficients, CRMSE and ETS metrics. Notably, no single dataset emerges
as categorically superior across all precipitation indices, sub-regions of
interest, or temporal aggregations. This observation is supported by the
findings of Cavalleri et al. (2024b), who present a comparative analysis
of the four regional reanalyses included in this study against coarser-
resolution datasets. Their research confirms the overall enhancement
in daily rainfall representation offered by CP datasets when compared to
convection-parameterizing counterparts. However, it also reveals
enhanced variability among different reanalysis estimates relative to
reference precipitation states at higher resolutions. Similar to our study,
this increased degree of dispersion, and consequently lower skill, is most
pronounced during the summer season, when the magnitude and
localization of deviations from reference states exhibit the highest inter-
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dataset variability. This is likely attributable to the lower predictability
of convective precipitation, which stems from the intrinsic chaotic
behavior of the small-scale dynamical processes that govern its forma-
tion and development (e.g., Doswell III, 2001). Indeed, summer
convective precipitation over Italy is often associated with weak syn-
optic forcings, allowing the internal dynamics of NWP models to evolve
more independently from large-scale inputs. As a result, local-scale
processes dominate, and non-linear interactions can amplify small
initial differences among numerical solutions, increasing inter-model
variability and leading to divergent outcomes (Scinocca et al., 2016;
Coppola et al., 2020). In addition to this intrinsic chaotic behavior,
structural differences among models (as reported in Table 1) can also
contribute significantly to discrepancies between reanalysis products.
For instance, Grell et al. (2000) noted that at CP scale, precipitation
estimates are unlikely to converge toward a single solution especially
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over complex terrains. Similarly, Risanto et al. (2023) showed that
varying initial moisture conditions, microphysics, and cumulus schemes
in CP NWP simulations of mesoscale convective systems can result in
substantial changes in the timing, location and intensity of precipitation.
The spatial patterns of inter-reanalysis spread in summer precipitation
are particularly pronounced over regions of complex topography,
including the Alps, the Apennines, and coastal zones. These areas are
characterized by enhanced mesoscale variability, where convective
initiation and development are strongly influenced by terrain-induced
circulations and land-sea interactions, especially along narrow coast-
lines (e.g., Rotunno and Ferretti, 2001). Particularly, Barthlott and
Kirshbaum (2013) demonstrated that deep convection over Mediterra-
nean islands is highly sensitive to terrain-induced boundary-layer
modifications, highlighting the complex interaction between coastal
slope and sea-breeze circulations. Therefore, differences among nu-
merical models in how these processes are represented—through vary-
ing spatial resolutions, terrain parameterizations, and boundary-layer
schemes—can amplify discrepancies in localized precipitation patterns.
Furthermore, in lowland areas such as the Po Valley, where strong soil
moisture-precipitation coupling during summer has been documented
(Seneviratne et al., 2021; Taylor et al., 2012), discrepancies in land-
surface models and surface flux formulations may lead to divergent
convective responses among the MME members. While the present study
does not explicitly isolate these mechanisms, the correspondence be-
tween regions of complex terrain and enhanced model spread suggests
that such physical processes are contributing factors to the observed
inter-model variability.

The added value of the MME is particularly evident right in the warm
season, when the error compensation achieved through ensemble
combination is more effective, resulting in overall bias reduction. This
enhanced performance is likely attributable to the amplified diversity in
intensity deviations observed among the estimates of individual
ensemble members. This conclusion is reinforced by the comparative
analysis of the three case studies detailed in Section 3.4. Specifically, the
superior skill of the MME compared to most individual reanalyses is
more pronounced for the event characterized by multiple convective
storms in late summer. In contrast, events dominated by frontal and
orographic precipitation—typical of the fall and winter seasons—show
minimal variability among the individual products.

The comparison between the two datasets driven by the same NWP
model COSMO (i.e., SPHERA and VHR-REA _IT), and sharing a similar
setup (see Table 1), indicates that the inclusion of local-scale data
assimilation through nudging does not consistently improve precipita-
tion estimates across all regions. Indeed, a key distinction between these
datasets lies in the implementation of a continuous nudging scheme for
assimilating observational data at the grid resolution implemented in
SPHERA (Giordani et al., 2023), which VHR-REA_IT does not incorpo-
rate (Adinolfi et al., 2023). This variation is believed to account for the
significant differences detected in the precipitation outputs of the two
datasets, highlighting the non-linear effects—both positive and neg-
ative—of local data assimilation on simulated precipitation fields. Spe-
cifically, SPHERA demonstrates a reduced precipitation bias over the
Alpine region and the Mediterranean coasts of Italy, yet it exhibits a
pronounced wet bias in the Po Valley. In contrast, VHR-REA_IT mitigates
the wet bias over the northern plains while showing increased over-
estimations over Alpine regions and underestimations over western
coastlines. This divergent behavior in precipitation over northern Italy
could be attributed to the assimilation of low-level relative humidity
observations in SPHERA, alongside the lack of assimilation for two-
meter temperature data. Previous research has shown that CP datasets
often manifest warm temperature biases in flat terrains, largely due to
inaccuracies in the soil moisture-precipitation feedback mechanism
when explicitly resolving DMC (Hohenegger et al., 2009; Taylor et al.,
2013; Sangelantoni et al., 2023; Adinolfi et al., 2023). In COSMO-based
datasets, such as VHR-REA_IT, it has been reported that summer tem-
perature biases in the Po Valley may exceed +2.5 °C (Cavalleri et al.,
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2024a). Therefore, by correcting the modeled surface humidity while
leaving the temperature field unaltered (and, hence, positively biased
relative to observations), SPHERA may generate excessive convective
precipitation over the northern Italian plains. This could contribute
substantially to the detected wet bias, which peaks especially in sum-
mer. However, quantitatively assessing this hypothesis poses significant
challenges, as it necessitates a sensitivity analysis of the reanalysis
production configurations, which would incur prohibitive computa-
tional and time costs for the purpose of this study.

In this study the extreme precipitation characteristics are analyzed
through the 99th and 99.9th percentile of daily and hourly precipitation
distributions, respectively. Our findings reveal that the MME aggrega-
tion exhibits a tendency to overly smooth precipitation intensities in
comparison to individual datasets, producing contrasting effects across
different timescales. For daily precipitation extremes, characterized by a
higher degree of statistical dispersion due to the broader ranges that
daily-accumulated peaks can reach to, the aggregation process leads to
the attenuation of the most extreme peaks identified by individual
datasets. This leads to a general shift of the precipitation distribution
towards less extreme and more homogeneous values. Conversely, when
considering hourly precipitation extremes, we observe an opposite
smoothing effect; single-dataset distributions demonstrate less disper-
sion at hourly temporal frequency, which in turn prompts the MME
composite to shift towards uniformly higher extreme distributions
relative to individual reanalyses. These findings underscore the neces-
sity of exploring more nuanced methodologies for aggregating precipi-
tation fields, particularly when focusing on extreme precipitation
events. The simple concatenation of individual rainfall distributions
applied in this analysis may not adequately capture the variability and
intensity of extreme precipitation phenomena. Possible future work
could aim to develop more sophisticated aggregation techniques that
better preserve the characteristics of extreme values in precipitation
data in a multi-model framework.

Finally, it is important to acknowledge that the reference observa-
tional dataset considered (GRIPHO) is not without its shortcomings. Its
inherent deficiencies may contribute to the discrepancies observed in
the evaluation of reanalysis datasets. For instance, it has been estimated
that the reliability of precipitation data obtained through CP models
may substantially outperform that of the observations, particularly in
areas characterized by complex topography (Lundquist et al., 2020).
Several factors can introduce uncertainties in observational precipita-
tion estimates, especially regarding the underestimation of extreme
accumulation events associated with orographic precipitation or local-
ized convective showers (La Barbera et al., 2002; Frei et al., 2003; Prein
and Gobiet, 2017). Key contributors to these uncertainties include:
heterogeneous spatio-temporal distributions of rain gauges included in
the production of the dataset (as in southern Italy, where gauge density
is lower compared to northern regions, or in mountainous regions
compared to plains, and where the number of gauges increased from
approximately 500 in 2001 to about 2600 in 2012 - Fantini, 2019);
undercatch phenomena due to wind-induced effects on raindrop
collection; instrumental errors; potential losses from sensor wetting or
droplets evaporation; and the inherent smoothing of the precipitation
field resulting from the interpolation process that seeks to uniform the
sparse gauge network into a consistent regular grid. These factors
highlight the complexities involved in accurately capturing precipita-
tion and reinforce the need for caution when interpreting the results of
reanalysis rainfall estimates in relation to observational references.

5. Conclusion

The analysis of a MME of high-resolution regional reanalysis datasets
over Italy presented in this work demonstrates the added value in
describing more effectively rainfall patterns through a multi-dataset
aggregation. Indeed, when compared to the reference observational
analysis GRIPHO over a decade-long period, the ensemble demonstrates
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higher performance relative to individual CP datasets. This is evident in
the enhanced representation of spatial precipitation distributions, both
for daily and hourly estimates, in terms of their intensity and frequency
of occurrence, for the reproduction of daily cycles of summer precipi-
tation, as well as for the effective representation of recent significant
high-impact precipitation events. The error compensation operated by
the MME aggregation is attributable to the substantial variability in the
representation of rainfall among individual reanalysis datasets, partic-
ularly during summer, associated with the more chaotic dynamics
characterizing convective precipitation.

A potential caveat of this approach could be given by the mixing of
multiple physical systems through the MME, which, besides compen-
sating the error in rainfall estimates, could introduce artificial deviations
from a physically consistent representation. For this reason, the method
should be tested with a broader case-study analysis to investigate the
systematic trend of the MME approach more robustly. Additionally, the
promising findings of this study could be further substantiated by
increasing the number of datasets incorporated into the ensemble. A
broader selection of datasets would not only enhance the sampling of
internal variability inherent to multiple numerical simulations, but also
augment the diversity of physical atmospheric representations achieved
through various NWP models. In this analysis, we considered four
datasets, a number that may limit our ability to comprehensively
describe precipitation variability in the atmosphere, particularly during
the convective season. The warm season is indeed characterized by
pronounced uncertainty in precipitation representation, largely due to
the inherent limits in predictability of chaotic convective processes,
resulting in significant variability among datasets. Potential datasets
that could futher enrich this analysis include MORE, a high-resolution
retrospective dataset based on the MOLOCH model and currently in
production at the ISAC-CNR institute (Stocchi and Davolio, 2023).
Another valuable resource is the newly released Computational Hy-
drometeorology with Advanced Performance to Enhanced Realism
(CHAPTER) dataset, consisting of a dynamical downscaling of ERA5
using WRF over Europe and the Mediterranean area, produced at the
Liebniz Supercomputing Center (Bernini et al., 2025). Additionally, the
production of a new CP reanalysis over Italy considering the limited-
area model ICOsahedral Non-hydrostatic model (ICON) has recently
been planned by the ItaliaMeteo national agency for meteorology and
climate (Giordani et al., 2025). This initative aligns with efforts at the
Deutscher WetterDienst (DWD), specifically the development of the
Fine-scale Observation-based Reanalysis for Central Europe (ICON-
FORCE), a new regional reanalysis centered over Germany (Valmassoi
et al., 2025). In this context, the effectiveness of the MME approach
could be further assessed by applying it in different regions of the world
where comparable high-resolution datasets are available. For instance, a
MME constructed over Germany considering e.g. ICON-FORCE, COSMO-
REA2 (Wahl et al., 2017), and CHAPTER could provide valuable in-
sights. Similarly, a corresponding analysis over the United States-
—incorporating regional products such as HRRR (Dowell et al., 2022),
ADDA _V2 (Akinsanola et al., 2024) or CONUS404 (Rasmussen et al.,
2023)—could demonstrate the broader applicability and robustness of
the MME methodology across different climatic and geographic settings.

Improving the description of past meteorological conditions using
reanalysis datasets is essential for accurate atmospheric characteriza-
tion. In particular, their combined application—as demonstrated in this
study—enhances the reliability of estimates and associated un-
certainties. This approach supports climate pattern monitoring across
multiple spatial scales, from planetary to local, and provides potential
datasets for training and developing next-generation artificial-
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intelligence-based data-driven models (e.g. Lang et al., 2024). The MME
methodology also aids in exploring potential future scenarios that ac-
count for the impacts of climate change on system evolution, particu-
larly by evaluating deviations from forward NWP model outputs with
historical baselines. The advantages of this comprehensive perspective
extend beyond meteorological and climate-related applications; they
also offer considerable value for downstream modeling efforts that rely
on meteorological inputs. In this context, individual Italian reanalysis
datasets have recently been employed in various fields, that led to
promising results, such as: the study of hail-favouring convective envi-
ronments for estimating the probability of hailstorms (Giordani et al.,
2024), the production of wind atlases to support the design of wind
energy parks (Pavan et al., 2024; Sperati et al., 2024), the monitoring of
water resources (Citrini et al., 2024), and the assessment of hydro-
geological risk (Abbate et al., 2024). Employing multiple products
concurrently could therefore further improve the estimates obtained for
similar applications. For instance, in flood forecasting, meteorological
models are typically integrated with hydrological and hydraulic models
to assess precipitation dynamics within a watershed and predict subse-
quent impacts on specific regions (e.g. Lobligeois et al., 2014). Forcing a
flood forecasting systems with meteorological MMEs have already
demonstrated improvements in reliably assessing discharge peaks pre-
dictions for warning purposes (Diomede et al., 2008; Zsotér et al., 2016).
Furthermore, recent research have underscored the value of employing
global and regional meteorological reanalyses for hydrological
modeling, particularly in regions with limited observational data (Essou
et al., 2016; Andreadis et al., 2017; Nkiaka et al., 2017; Tarek et al.,
2020). Hence, by incorporating multiple precipitation estimates derived
from a meteorological MME of high-resolution reanalysis datasets, we
could improve the assessment of impacts and associated uncertainties
related to past extreme precipitation events over hydrological catch-
ments. This integration may not only enhance the representation of
historical flood events but also improve our understanding to produce
better flood forecasts in the present.
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Appendix A

JJA 2007-2016 - Heavy daily precipitation (ddpgg)
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Fig. Al. Same as Fig. 5 but for heavy daily precipitation (ddyeo) in JJA.
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Fig. A2. Same as Fig. 5 but for heavy hourly precipitation (hhpg9.9) in JJA.
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Taylor diagram Taylor diagram
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Fig. A3. Same as Fig. 6 but: a) for the JJA spatial distributions of dd,g9 (Fig. A1), b) for the JJA spatial distributions of hh,g9.9 (Fig. A2).
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JJA 2007-2016 - Heavy daily precipitation (ddpgg) - Relative bias with GRIPHO
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Fig. A5. Same as Fig. 7 but for heavy daily precipitation (dd,g9) in JJA.

JJA 2007-2016 - Heavy hourly precipitation (hhpgg, o) - Relative bias with GRIPHO
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Fig. A6. Same as Fig. 7 but for heavy hourly precipitation (hhygg) in JJA.
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Data availability

The hourly precipitation data from the MME mean of the four
datasets is openly available via the Zenodo repository at: https://doi.
org/10.5281/zenodo.15745597

GRIPHO observational data have been made available upon request
by the ICTP institute.

MERIDA_HRES data is openly available via the RSE repository at:
https://merida.rse-web.it/

MOLOCH data is openly available via the Zenodo repository at:
https://doi.org/10.5281/zenodo.14250195

SPHERA data is openly available via the Zenodo repository at:
https://doi.org/10.5281/zenodo.10441408.

VHR-REA IT data is openly available via CMCC Data Delivery System

at: https://dds.cmcc.it/#/dataset/era5-downscaled-over-italy.
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