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Abstract. This study presents a new convection-permitting reanalysis dataset over Italy and Alpine region, produced through
dynamical downscaling of ERAS reanalysis with the non-hydrostatic mesoscale model MOLOCH. MORE (MOloch-
downscaled ERAS5 REanalysis) is a very high spatial resolution (~1.7 km) gridded dataset, covering the 1990—present period.
The dataset includes hourly outputs of a wide range of variables at the surface and on pressure-levels.

MORE validation follows a multiscale framework applied to precipitation and near-surface air temperature using dense and
quality-controlled observational datasets. MORE is benchmarked against other convection-permitting products and coarser-
resolution reanalyses. Results show that MORE realistically reproduces spatial and temporal variability and improves the
simulation of wet-hour frequency, precipitation intensity, sub-daily extremes, particularly during convective regimes, and key
climate indicators such as the number of tropical nights, although a systematic cold bias is present in temperature.

As an application example, the May 2023 Emilia-Romagna (northern Italy) catastrophic flood is analyzed. MORE successfully
reproduces the meteorological evolution of the two heavy rainfall events, providing added value in the representation of the
mesoscale features resulting in localized precipitation extremes. In cascade, hydrological simulations driven by MORE data
improve the representation of catchment-scale discharge, and soil moisture dynamics.

Overall, MORE represents the highest-resolution convection-permitting reanalysis currently available for Italy and the Alpine
region. Its comprehensive set of variables at hourly resolution makes it a valuable reference for hydrometeorological studies,
climate change adaptation, and climate services in regions with complex terrain and high exposure to extremes. The dataset is

openly available at DOI: https://doi.org/10.5281/zenodo.18470948 (Stocchi, P. 2026) and will be periodically updated to

ensure long-term accessibility, reliability and completeness.
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1 Introduction

Weather and climate reanalysis datasets have become fundamental tools in meteorological and climate research. These datasets
provide spatially and temporally consistent reconstructions of atmospheric and surface conditions, ensuring long-term
homogeneity that is crucial for studying climate variability, extreme events, and long-term trends. By assimilating vast amounts
of observational data through advanced numerical modeling, reanalyses offer a comprehensive and physically consistent

representation of past and present climate state.

Among the most advanced reanalysis products, the European Centre for Medium-Range Weather Forecasts (ECMWF)
Reanalysis v5 (ERASY) is a state-of-the-art dataset that has set up a new standard in atmospheric reanalysis (Hersbach et al.,
2020). ERAS provides global coverage from 1940 to the present with a horizontal resolution of 0.25° (approximately 31 km)
and hourly outputs, incorporating decades of improvements in data assimilation and development in numerical weather
prediction modelling. Building upon ERAS, ECMWF has also released ERAS-Land (Muiioz-Sabater et al., 2021), a specialized
reanalysis product designed to improve land surface representation. With an enhanced spatial resolution of 0.1° (~9 km),
ERAS-Land refines the depiction of land-atmosphere interactions, offering a more detailed characterization of surface
variables such as soil moisture, evaporation, and runoff. Due to their unprecedented level of detail, accuracy, and consistency,
both ERAS and ERA5-Land are among the most reliable datasets currently available for climate and meteorological research
(Buizza et al., 2018; Hersbach et al., 2020; Bell et al., 2021). Furthermore, their spatial and temporal resolution makes them
crucial not only for atmospheric studies but also for supporting impact assessments across various sectors, including water
resource management, agriculture, renewable energy, disaster risk reduction (Kourtis et al., 2023, Shangguan et al., 2022,
Vitolo et al., 2020, Olauson, 2018), being also exploited in emerging fields like machine learning (Tomasi et al., 2024; Long
et al., 2025).

However, despite their widespread use, global reanalysis datasets exhibit a key limitation: their spatial resolution. These
datasets typically feature relatively coarse grid spacing, which, combined with their reliance on convection parameterization,
limits their applicability for certain climate impact studies, particularly those aimed at capturing localized atmospheric
processes. Various studies (Prein et al., 2015; Kendon et al., 2021; Singh et al., 2021; Zhang et al., 2021; Bandhauer et al.,
2022; Lavers et al., 2022; Velikou et al., 2022; Dalla Torre et al., 2024; Chen et al., 2024; Gebrechorkos et al., 2024) have
demonstrated that this spatial resolution is often insufficient for capturing the localized impacts of climate variability, such as
precipitation patterns, temperature extremes, and the effects of terrain heterogeneity (e.g., mountains, coastal areas, urban
regions), and can limit the applications to localized risk assessment, urban planning, and hydrological modeling (Poncet et

al., 2024).

A promising solution to this limitation is the dynamic downscaling, a technique that uses regional climate models (RCMs) or

meteorological models to increase the spatial resolution of reanalysis and global climate data. Dynamic downscaling consists
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in running high-resolution simulations driven by global reanalysis data, such as ERAS, to capture atmospheric processes at
local scales (Giorgi and Mearns, 1991). This approach significantly enhances the spatio-temporal accuracy of the reanalysis
data, enabling more precise reconstructions of climate impacts at scales relevant to specific applications (e.g., Giorgi et al.,
2009, 2015, 2019, 2024; Mearns et al., 2015; Di Luca et al., 2016; Teichmann et al., 2021; Poncet et al., 2024), at the expense

of a higher computational cost.

Recent increase in computational resources and advancements in numerical modelling have further fostered the application of

downscaling simulations at "convection permitting" scale (i.e.: grid-spacing 1-4 km).

Therefore, several European initiatives, such as the H2020 EUCP and CORDEX-FPS Convection (Coppola et al., 2020) along
with numerous studies, have explored the potential of convection-permitting downscaling simulations (Ban et al., 2014;
Kendon et al., 2014; Leutwyler et al., 2017; Liu et al., 2017; Berthou et al., 2018; Fumiére et al., 2019; Coppola et al., 2020;
Pichelli et al., 2021; Ban et al., 2021; Senior et al., 2021; Ha et al., 2022; Soares et al., 2022; Stocchi et al., 2022; Poncet et al.,
2024). These studies have provided compelling evidence that Convection-Permitting Regional Climate Models (CP-RCMs)
significantly enhance the representation of hourly precipitation characteristics, including the diurnal cycle, spatial distribution,
intensity, and extreme events, bringing modeled precipitation dynamics closer to reality. Moreover, CP-RCMs have
demonstrated their ability to resolve fine-scale surface heterogeneities (Cortés-Hernandez et al., 2024), such as mountainous
terrain, coastal regions, and urban environments (Prein et al., 2015; Rowell & Berthou, 2022), offering a more accurate
representation of land—atmosphere interactions (Taylor et al., 2013). These improvements are essential for capturing and better
representing extreme climate phenomena, such as droughts and summer heatwave. Furthermore, the enhanced physical realism
in CP-RCMs has cascading benefits for other key climate variables, including surface energy fluxes (e.g., latent and sensible
heat,(Lenderink et al., 2025) and soil moisture, which, although often under-monitored, are crucial for a wide range of

applications.

Given these advances, the combination of global reanalysis datasets, such as ERAS, with high-resolution regional models,
offers a robust framework for addressing the spatial and temporal limitations inherent in global reanalysis products. This can
be pursued with purely dynamical downscaling or by applying data assimilation procedures to enhance the accuracy of the
representation of atmospheric variables. Although we fully acknowledge the fundamental differences between these two
approaches, for the sake of simplicity, we will refer to both of them as "reanalysis datasets" or “high-resolution atmospheric

datasets” throughout the text.

In recent years, UERRA-HARMONIE (Kaiser-Weiss et al., 2019), CERRA (Ridal et al., 2024), COSMO-REA6 (Bollmeyer
et al., 2015) and CHAPTER (Bernini et al., 2025) with horizontal resolutions of 11 km, 5 km, 6 km and 3km respectively,
have represented major advancements in the development of high-resolution reanalysis datasets over European domains.

Substantial efforts have also been dedicated to the Italian territory. Notably, two convection-permitting reanalyses, employing
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data assimilation, have been produced by downscaling ERAS5: the MEteorological Reanalysis Italian DAtaset High-
RESolution (MERIDA-HRES) (Bonanno et al., 2019; Viterbo et al., 2024), generated using the WRF model at 4 km resolution,
and the Special Project High-rEsolution ReAnalysis over Italy (SPHERA) (Cerenzia et al., 2022; Giordani et al., 2023) based
on COSMO at 2.5 km grid-spacing. Additionally, two convection-permitting hindcast datasets, without data assimilation, have
been developed: LAMMA-HINDCAST (Capecchi et al., 2023), which employs the MOdello LOCale in Hybrid coordinates
(MOLOCH, Malguzzi et al., 2006; Buzzi et al., 2014) at 2.5 km grid-spacing, and the Very High-Resolution Dynamical
Downscaling of ERAS5 Reanalysis over Italy (VHR-REA IT) (Raffa et al., 2021; Reder et al., 2022; Adinolfi et al., 2023)
using COSMO at 2.2 km grid-spacing. Recent intercomparisons among these high-resolution datasets over Italy (Cavalleri et
al., 2024a; Cavalleri et al., 2024b) highlighted strengths and limitations in capturing precipitation patterns and temperature
variability, also revealing significant discrepancies and emphasizing the importance of bias characterization against

observational data to ensure their appropriate use in both research and applications.

MORE is obtained through a dynamical downscaling of ERAS using an updated version of the convection-permitting non-
hydrostatic MOLOCH model (Trini Castelli et al., 2020; Giorgi et al., 2023), previously utilized for the LAMMA-HINDCAST

reanalysis, operating at a higher spatial resolution of 1.7 km, which is finer than any other existing similar Italian dataset.

MORE provides a comprehensive range of atmospheric variables, 40 in total, including near surface quantities, soil
temperature and soil water content at various levels, radiation parameters, geopotential height, temperature (T), moisture and
wind components at five vertical levels (950, 850, 700, 500, and 300 hPa). The complete list of variables is available in the
dataset metadata (DOI: https://doi.org/10.5281/zenodo.18470948) (Stocchi, P. 2026).

As of this writing, MORE represents the highest spatial resolution available dataset of atmospheric reanalysis in Italy. Being
an independently generated product that diversifies from existing reanalysis products, it offers substantial added value for
meteorological and climatological studies, particularly in ensemble approaches, which aim to optimize the representation of
atmospheric processes and strengthen the robustness of analyses (Giordani et al., 2025). In turn, this improves the reliability
of reanalysis-based applications, such as impact modeling and extreme event analysis. The MORE dataset will be made
publicly available to the scientific community, providing high-resolution atmospheric data at 1.7 km resolution for the period

from 1990 to the present, with continuous updates over Italy.

This study aims to introduce the new dataset, evaluate its performance, and present examples of its multidisciplinary
applications. The assessment focuses on precipitation and 2 m temperature (t2m) across multiple spatial and temporal scales,

highlighting MORE’s potential for applications where accurate representation of physical interactions is critical, such as over
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complex terrain, coastal areas, and whenever high-resolution data are required, including hydrological analysis of convective

storms.

To evaluate the performance of the MORE reanalysis, validation is undertaken against three independent gridded observational
datasets (one for temperature and two for precipitation), using spatially distributed performance diagnostics and statistical
summary metrics. This multi-year assessment examines the reanalysis’s capability to represent the climatological
characteristics of Italy for key meteorological variables. Additionally, the fidelity of MORE in reproducing the intensity and

spatial structure of extreme events, such as heavy precipitation and heatwaves, is investigated.

Both precipitation and temperature fields are compared against ERA5-Land and CERRA to assess the added value of
convection-permitting; furthermore, to contextualize its performance among existing high-resolution reanalysis datasets for

Italy, MORE is also compared against LAMMA-HINDCAST and MERIDA-HRES datasets.

To demonstrate a potential multidisciplinary application of the MORE reanalysis, we present a meteo-hydrological case study
associated with an extreme weather event occurred in May 2023, characterized by record-breaking accumulated precipitation

and extensive floods, affecting the Emilia-Romagna (northern Italy) region.

Additionally, a climatological application of the MORE dataset is explored in this work, focusing on temperature trends and
on a key climate index (Tropical Nights, i.e. TN > 20 °C) providing insights into climatic patterns and shifts over time under

warming conditions.

After the Introduction, Section 2 outlines the methodology behind MORE, detailing the data used for evaluation and
comparison, along with the validation methods applied to rainfall and temperature. Section 3 presents the results of the
evaluation and comparison for precipitation and temperature. Section 4 examines the application of MORE in meteorological
and hydrological case studies, as well as in climate analysis, presenting and discussing the corresponding results. Finally,

Section 5 provides the conclusions.

2 Data and Methods
2.1 Model and downscaling approach

The dynamical downscaling of ERAS is performed using the convection-permitting model MOLOCH. Originally developed
for research purposes at the Institute of Atmospheric Sciences and Climate (ISAC) of the Italian National Research Council
(CNR), MOLOCH is now employed for both operational forecasting and research activities at several national centers (Mariani
et al.,, 2015; Sacchetti et al., 2024). MOLOCH integrates fully compressible dynamical equations and includes
parameterizations for boundary layer turbulence, radiation, soil physics, and cloud microphysics. It is designed as a flexible,

state-of-the-art numerical weather prediction system that is portable and computationally efficient on parallel computing

5
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platforms. MOLOCH operates typically with grid spacing on the order of 1-4 km, allowing for the explicit representation of
deep convection without the need for parameterization (Malguzzi et al., 2006; Davolio et al., 2009). A comprehensive overview
of MOLOCH, including its physical parameterizations and a range of applications, is provided by Davolio et al. (2020) and
Giorgi et al. (2023).

For the dynamical downscaling ERAS data are used as initial and lateral boundary conditions (at hourly frequency) for
MOLOCH simulations at 1.7 km resolution over the Italian territory (domain shown in Figure 1). The reanalysis period (1990—
present) is covered by daily model runs. Each 30-h MOLOCH simulation is initialized at 18:00 UTC using ERAS atmospheric
fields, while soil temperature, soil moisture, and snow depth are carried over from the previous day’s simulation to ensure

physical consistency. To construct the MORE dataset, the first six hours of each daily simulation are treated as spin-up time
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and thus discarded, while the remaining 24 hours are retained. A schematic representation of the experimental setup is provided

in Figure 2. Model outputs are generated at hourly frequency.

20W 5 100 5W

e | I 1 I [ |

10 50 100 200 300 400 500 750 1000 1500 2000 3000

Figure 1: Domains of integration for ERAS and MOLOCH, overlaid with topography (m). The outer black box represents the
ERAS domain used, approximately corresponding to the Med-CORDEX region, while the inner black box delineates the
MOLOCH domain, covering Italy and its surrounding areas
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Figure 2: Schematic representation of the modeling setup for generating a single day of MOLOCH downscaling.

2.2 Data sources for evaluation and comparison

Validation of MORE reanalysis for multiple variables, including precipitation and temperature, is performed using three
independent gridded observational datasets: GRIPHO and ARCIS for precipitation and UniMi/ISAC-CNR for temperature.
GRIPHO (GRidded Italian Precipitation Hourly Observations, Fantini, 2019) is a gridded precipitation dataset covering Italy
at a spatial resolution of approximately 3 km. It is derived from quality-controlled rain-gauge measurements and spans the
period 2001-2016. GRIPHO has been widely used in previous studies (Ban et al., 2021; Caillaud et al., 2021; Coppola et al.,
2021; Stocchi et al., 2022; Reder et al., 2022; Capecchi et al., 2023) to validate numerical precipitation estimates and constitutes
the only available high-resolution gridded hourly precipitation dataset for this region, thus providing a unique reference for
evaluation.

ARCIS (Climatological Archive for Central-Northern Italy; Pavan et al., 2019) is a high-resolution (5%5 km) daily gridded
precipitation dataset that integrates approximately 1000 quality-controlled and homogenized rain gauge records from various
Italian institutions, including Hydrological Services, Agro-Meteorological Services, and Regional/Local Meteorological
Agencies. It spans the period 1961-2024, but covers only central and northern Italy.

To complement the precipitation analysis, the E-OBS dataset (Cornes et al., 2018) is also employed to assess the spatial
distribution of daily precipitation over the whole Italian domain for the 1990-2020 period. Due to its coarse effective resolution
and known limitations in capturing fine-scale variability (Bandhauer et al., 2022), E-OBS is used only for qualitative
comparisons, while quantitative analyses rely exclusively on ARCIS.

UniMi/ISAC-CNR is based on daily station data of maximum and minimum temperature, offering high-quality and
homogenized observational records, which can be interpolated onto every spatial grid, given its coordinates and the elevation
of each grid point. The interpolation method follows the anomaly-based approach proposed by Mitchell and Jones (2005): it
reconstructs monthly fields by combining climatological normals (long-term averages for a specified reference period) with

anomalies (deviations from these averages). The specific implementation adheres to the methodology described by Brunetti et
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al. (2012), as applied in Cavalleri et al. (2024a). Climatological fields are constructed using data from approximately 1500
stations. These values are interpolated via locally weighted linear regression, incorporating elevation and spatial relationships,
such as horizontal and vertical distances, slope gradient, aspect, and proximity to the sea, between grid cells and surrounding
stations (Brunetti et al., 2014). Anomaly fields are then interpolated on the same nodes using a weighting scheme that combines
radial and vertical weighting functions with an angular component taking into account the heterogeneity in spatial distribution
of stations around each grid point (Gonzalez-Hidalgo et al., 2011). For this part of the analysis, we used the stations from
Brunetti et al. (2006), along with the station networks from the different Italian regional agencies, with records ranging from
about 400 in the first half of the examined period to more than 2500 at the end of this period.

Superimposing climate normal and anomalies components allowed us to provide monthly temperature values for each given
grid point. Then, we used the methodology of Di Luzio et al. (2008) to obtain the daily values. Specifically, stations’ daily
data were converted into relative contributions to the total monthly amounts and spatially interpolated on the same nodes as
the monthly data, using these latter as constraints to convert the interpolated relative contributions back into absolute daily
amounts.

In this study, MORE has been evaluated against both high-resolution observational datasets and benchmark reanalysis
products, focusing on periods with available and reliable observational records. The validation framework is also designed to
align with standard climatological reference periods commonly adopted in the literature, allowing for a robust and consistent
comparison with previous studies.

Validation is carried out at both daily and hourly temporal scales; accordingly, datasets lacking sub-daily resolution are
excluded from hourly-scale analyses. For instance, CERRA, which provides 3-hourly data, is not included in the hourly-scale
comparison.

For precipitation, the validation period extends from 01 January 2001, to 31 December 2016, using GRIPHO data, and from
01 January 1991, to 31 December 2020, using ARCIS data.

For temperature, the validation covers the period from 01 January 1991 to 31 December 2020 in order to both evaluate the
performance of the MORE dataset and facilitate a direct comparison with previous analysis (Cavalleri et al. 2024a) in which
temperature fields from other reanalysis products were validated against the same observational fields (UniMi/ISAC-CNR)
and over the same time span. For this reason, the performance maps of other reanalysis products are not reported directly in
this work, but only in some cases for the purpose of comparing with MORE. All the datasets used in this analysis are

summarized in Table 1 along with their respective time periods, data sources, and spatial resolutions.
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Dataset Type Variables Spatial Temporal | Temporal | Source Reference
used for resolution resolution coverage
validation
E-OBS Gridded observations | Precipitation, ~0.1° (~10 km) Daily 1950—present ECA&D Cornes et al., 2018
precipitation
(Europe)
ARCIS Gridded observations |  Precipitation 5km Daily 1961-present ISPRA Pavan et al., 2021
(Italy, North)
GRIPHO Gridded observations | Precipitation 3 km Hourly 2001-2016 ICTP- Fantini, 2019
(Italy) ESP
UniMi-ISAC Stations Temperature Interpolated onto daily 1920-present |UniMi-ISAC | Brunetti et al. 2014,
every spatial grid Cavalleri et al., 2024a
ERAS5-Land | Reanalysis (global) Precipitation, ~9 km Hourly 1950—present ECMWF /| Mufioz-Sabater et al.,
Temperature, Copernicus 2021
CERRA Regional reanalysis Precipitation, 5.5 km sub-daily 1984-2021 ECMWEF /
Copernicus
(Europe) Temperature, i3 Ridal et al., 2024
LAMMA- Regional reanalysis | Precipitation, ~2.5 km Hourly 1979—present | LAMMA | Capecchi et al., 2023
HINDCAST (Ttaly)
MERIDA- Regional reanalysis Precipitation, ~4 km Hourly 19862022 RSE
HRES (Italy) Temperature

Bonanno et al., 2019;
Viterbo et al., 2024

Table 1: Precipitation datasets used in this study, including their time periods, data sources, and spatial resolutions

10



238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269
270
271

Earth System
Science

Data

https://doi.org/10.5194/essd-2025-789
Preprint. Discussion started: 31 March 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access
suoIssnasIqg

2.3 Validation Methods

2.3.1 Precipitation

For the precipitation, our analysis focuses on a set of statistical metrics detailed in Table 2, including seasonal mean daily
precipitation, seasonal wet-day/hour intensity and frequency, and extreme precipitation indexes, defined as the 99th and 99.9th
percentiles of all daily and hourly precipitation occurrences, respectively. Additionally, model performance is assessed through
the probability distribution of precipitation intensities, relative bias, spatial variability, and correlation.

Metrics are computed for each season: summer (June—July—August, JJA), winter (December—January—February, DJF), spring
(March—April-May, MAM), and autumn (September—October—November, SON). To preserve the highest level of detail, both
model and observational datasets are maintained on their original grids: given that different remapping procedures can
introduce uncertainties and degrade data quality (Diaconescu et al., 2015), we minimize data manipulation whenever possible.
On the contrary, for metrics requiring direct grid-point comparison, such as relative bias, spatial correlation, and spatial
variability, model data are remapped onto the observational grids used for comparison to ensure consistency in the analysis.
An important aspect when comparing model outputs with gridded observational datasets derived from rain gauges is the need
to account for their known limitations. In mountainous areas, sparse gauge coverage leads to systematic underestimation.
Additional biases arise from wind-induced undercatch, wetting, and evaporation losses (Sevruk, 1985; Frei et al., 2003).
Interpolation techniques used in gridded products may further smooth extremes and misrepresent precipitation patterns,
especially at high elevations where gauges are typically located in valleys (Isotta et al., 2014). Recent studies show that high-
resolution models may outperform observational datasets in complex terrain (Lundquist et al., 2020). Considering that rain
gauge undercatch can vary between 4% and 50%, we adopt a precipitation bias range of —5% to +25% in our discussion as a
reasonable reference for observational uncertainty. This interval reflects an estimated mean undercatch of up to 20% (Frei et
al., 2003; Kotlarski et al., 2014).

To quantitatively assess the spatial consistency and systematic biases of the MORE reanalysis dataset, we employ a set of
statistical metrics commonly used in meteorological and climatological validation studies (e.g., Ban et al., 2021; Pichelli et al.,
2021). Specifically, we compute the Relative Bias, Spatial Correlation, and Spatial Variability (Table 2) between model outputs
and reference observations. Spatial Correlation is defined as the Pearson correlation coefficient (Wilks, 2011) of seasonal mean
values between model and observed fields across all grid points, providing a measure of the linear association between modeled
and observed spatial patterns. Spatial Variability is defined as the ratio of the spatial standard deviation of the temporally
averaged model field to that of the corresponding observed field, quantifying their relative amplitude.

Both metrics are summarized using a Taylor diagram (Taylor, 2001), which provides an integrated assessment of model—
observation agreement in terms of spatial structure and variability (Ban et al., 2021; Stocchi et al., 2022).

In addition, to provide a comprehensive, multi-dimensional assessment of reanalysis performance for selected precipitation

thresholds, we employ performance diagrams (Roebber, 2009). This graphical tool combines four key categorical verification

11
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metrics derived from a contingency table: the probability of detection (POD), the success ratio (SR), the frequency bias, and
the critical success index (CSI) (Table 2) (Wilks, 2011). For our analysis, contingency tables are computed at each grid point
and over the full study period. POD measures the fraction of observed events correctly detected (model sensitivity), while SR
quantifies the fraction of predicted events that actually occurred (1 — FAR), providing insight into false alarm (FAR) behavior,
bias quantifies systematic over, or under-prediction, and CSI provides a balanced measure of overall skill

Performance diagrams allow these metrics to be jointly visualized in a compact form, facilitating the comparison of model
skill across precipitation thresholds and enabling a clear evaluation of strengths and weaknesses. Consequently, they are

increasingly adopted in regional climate validation studies (e.g., Weisman et al., 2008; Schwartz et al., 2010)

Metrics Definition Unit
Mean Mean daily precipitation mm/day
Frequency Wet day (hour)? frequency [0-1]
fraction of wet days (hours) per season
Intensity Wet day (hour) intensity mm/day
(mm/hour)
Heavy Precipitation® (p99, 99th (99.9th) daily (hourly) precipitation percentile mm/day
p99.9) (mm/hour)
Probability Density Function Normalized frequency of precipitation events within a certain bin [0-1]
(PDF)
Relative Bias (M - 0) %
———* 100
0
where:

M = temporal average of model values (M) over the evaluation period
0= temporal average of observed values (Oi) over the evaluation period

Spatial Variability®
(Taylor Diagram)

Om

)

0= spatial standard deviation of temporal average of model values M
0o= spatial standard deviation of temporal average of observed values O

spatial variability defined as the ratio of spatial standard deviations of the model
and observed seasonal mean fields

Spatial Correlation® (Taylor
Diagram)

Spatial (Pearson) correlation of seasonal spatial anomaly fields between model
and observations

12
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Climatological Bias (CBIAS)

(Mu _0_11)

Where:
M = climatological average of model values
0 = climatological average of observational values

M, ,= climatological average of model values at grid point (i,j)
0_t1= climatological average of observational values at grid point (ij)

The difference between model and observational climatologies

°C

Mean Absolute Error (MAE)

ny My

! > S, -,
Ni; 4 Y Y

i=1j=1

Where:
N;; =nxxny is the total number of grid points
M;j= climatological average of model values at grid point (i,j)
0;j= climatological average of observational values at grid point (i,j)

Field average of absolute difference between model and observation

°C

Correlation® in time (CORR)

Correlation coefficient in time between model and observational anomalies

Mean Absolute Error in time
(MAEY)

Ndays

Z
| t tl
Ndays

t=1
Where:
Ngqys = number of days in the reference period
am; = model daily anomalies at time t
ao, = observed daily anomalies at time t

Average in time of absolute daily differences between model and observation

°C

Probability of Detection
(POD)

POD =

H+M

Fraction of observed events correctly predicted (sensitivity)

where:
H = Hits (events correctly predicted)
M = Misses (observed but not predicted)
F = False alarms (predicted but not observed)

Success Ratio (SR) SR = H
" H+F
Fraction of predicted events that actually occurred
(1-FAR)
False Alarm Ratio (FAR) FAR =
H+F

Fraction of predicted events that did not occur

13
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Frequency Bias (Bias) FBI = H+M
T H+F

Ratio of forecast to observed events (>1: overprediction, <I1: underprediction)

Critical Success Index (CSI) cSl = ——
TH+M+F

Overall measure of forecast skill combining hits, misses, and false alarms

Table 2. Statistical metrics used for the validation of the precipitation and temperature variable in the MORE dataset.
“A wet day (hour) is a day (hour) with precipitation > 1 mm (= 0.1 mm)

bPercentiles are calculated using all events (wet and dry) following Schiir et al. (Ban et al., 2021)

(Ban et al., 2021)

¢ Correlations have been computed with Climate Data Operators (CDO; Schulzweida, 2023)

2.3.2 Temperature

To evaluate the consistency of the MORE t2m fields, a different approach is required compared to precipitation. While
numerous high-resolution datasets exist for precipitation, particularly over the Alpine region, few analogous products are
available for temperature in Italy. In particular, the observational t2m dataset UniMi/ISAC-CNR was selected (Cavalleri et al,
2024a) because it is specifically designed to enable accurate comparisons even in areas with complex orography (see section
2.2 for details). Indeed, t2m decreases with elevation at a lapse rate of roughly -6.5°C per kilometer (Rolland, 2003). This
implies a high spatial variability of t2m fields in complex terrain. While t2m observations are taken at specific elevations,
reanalysis represents a smoothed version of the real orography, due to discretization and numerical stability issues (Wang et
al., 2022). Although this effect is reduced for high-resolution reanalyses, the difference between the elevation for observations
and reanalysis grid-points may result in a temperature bias. Previous studies (e.g., Luo et al., 2019; Cavalleri et al., 2024a)
stress that different elevation can be the primary cause of discrepancies. Aware of this issue, we opt for reconstructing t2m
observational fields onto the same longitude, latitude and elevation coordinates of the MORE grid nodes, starting from the
UniMi/ISAC-CNR stations' observations. This approach, already proposed by Cavalleri et al. (2024a), allows us to overcome
biases due to the static elevation difference with observations, and to evaluate the dynamical ability of MORE to reproduce
t2m fields at its native high-resolution, which is the one required to capture complex small-scale phenomena such as thermal
inversions and urban heat island effects.

This approach allows the validation of different reanalysis products using the same observations, with performances assessed
at each dataset’s native resolution. The goal is not to rank them, but to evaluate how errors vary with model resolution and to
test whether MORE, by resolving finer-scale features, can maintain the accuracy of near-surface temperature fields while

adding local detail.

14
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Three different quantities are considered: the daily average t2m, the minimum, and the maximum daily values. For MORE,
which provides hourly values, the minimum and maximum hourly values are considered as daily minimum and maximum,
while the 24-hour average is calculated to get the daily average. In contrast, the observational average is computed from the
minima and maxima provided by UniMi/ISAC-CNR. The impact of these choices is marginal and is discussed by Cavalleri et
al. (2024a).

Given the UniMi/ISAC-CNR observational fields at MORE resolution and elevations, we first compute climatologies for the
1991-2020 period for both datasets, aggregated at seasonal and annual scales. Differences between reanalyses and observations
are then assessed by subtracting the observational climatologies from the corresponding reanalysis climatologies at each grid
point (Climatological Bias, CBIAS, Table 2). Alongside with the bias maps, we calculate the average bias across Italy to assess
general seasonal tendencies, and the spatial mean of the absolute value of the differences (MAE, Table 2) to evaluate the
overall agreement.

In addition to climatological means, we also assess day-to-day variability by analyzing daily temperature anomalies, computed
by subtracting to each dataset (observations and MORE) its own daily climatological values over the 1991-2020 reference
period. To quantify agreement of anomalies over time, we calculate, for each grid point: i) the temporal mean absolute error
(MAEL, Table 2), defined as the mean of the absolute values of the daily differences between reanalysis and observational
anomalies over the reference period; ii) the correlation coefficient (CORR, Table 2) between the time series of reanalysis and
observational anomalies. Spatial averages of both metrics are subsequently computed, following the same approach used for
evaluating the mean CBIAS. Finally, the t2m trends are assessed by comparing the annual average t2m anomalies of MORE
with the corresponding observational values.

The same validation methodologies were applied in Cavalleri et al. (2024a) to other reanalysis products for the same 1991—
2020 period, thus enabling a comparison with MORE performances over the Italian domain. Results of temperature validation

are reported in Section 3.2.
3 Evaluation and Comparison Results

3.1 Precipitation

The evaluation of MORE precipitation primarily focuses on the autumn and summer seasons. These seasons are particularly
relevant as they reflect distinct synoptic conditions: widespread precipitation associated with mid-latitude cyclones in autumn,
and localized, convective rainfall in summer (e.g. Grazzini et al, 2020). Nevertheless, the patterns emerging from these two

seasons also provide meaningful insights into the precipitation behavior observed during spring and winter (not shown).

3.1.1 Analysis of Spatial Patterns and Systematic Biases in Daily and Hourly Precipitation

15
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Figures 3 and 4 provide an overview of the spatial distribution of daily and hourly precipitation (as defined in Table 2) derived
from observational datasets and the MORE reanalysis, highlighting its ability to realistically reproduce precipitation
climatology. Specifically, seasonal means, precipitation intensity, wet-event frequency, and extreme precipitation, defined by
the 99th percentile for daily and the 99.9th percentile for hourly precipitation, are analyzed for summer and autumn. Additional

results including comparisons with other reanalyses are shown in Figures A1-A4 in Appendix A.
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1991-2020, including mean precipitation, precipitation frequency, precipitation intensity, and heavy precipitation (defined as the
99th percentile; Table 2). Results are shown for observational datasets (EOBS & ARCIS) and the MORE reanalysis.
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354 Figure 4: As in Fig. 3, but for hourly precipitation, showing precipitation frequency, intensity, and heavy precipitation indices.
355 Seasonal means are derived from daily precipitation, consistent with Fig. 3. Observations are from the gridded hourly
356  precipitation dataset over Italy (GRIPHO; Fantini et al., 2019) for the period 2001-2016. Heavy hourly precipitation is defined as
357 the 99.9th percentile of all events.
358

359 In Figures 3 and 4, the high resolution of MORE allows a highly detailed depiction of orographic influences, with enhanced
360 precipitation over elevated topography in both summer and autumn. During SON, the contrast between mountains and adjacent

361 lowlands is reduced, reflecting the stronger influence of Mediterranean cyclonic activity and Alpine lee-side dynamics (Trigo
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et al., 1999). Figure 3 shows that MORE captures the spatial patterns of mean daily precipitation, intensity, frequency, and
extremes when compared to observations (E-OBS and ARCIS). Compared to other reanalyses (Figures A1-A2 in Appendix
A), MORE provides a more realistic representation of localized convective events, particularly during the warm season, likely
due to its explicit treatment of convection and finer spatial resolution (Ban et al., 2021; Stocchi et al., 2022). Comparable skill
is observed with high-resolution regional models such as LAMMA-HINDCAST and MERIDA-HRES, while ERA5-Land and
CERRA tend to overestimate wet-day frequency and underestimate precipitation intensity and extremes in summer.

Figures 4 present the same precipitation statistics as in Figures 3, but at the hourly scale (except for the seasonal mean, which
is derived from daily precipitation), validated against the GRIPHO dataset, the only high-resolution gridded hourly dataset
available for Italy. MORE closely reproduces the observed hourly precipitation patterns, capturing both intensity and extremes
with high fidelity. Comparisons with other reanalyses are provided in Figures A3—A4 in Appendix A, where ERAS5-Land
overestimates wet hours and underestimates intensity, and MORE exhibits superior skill, even slightly reducing extreme
precipitation overestimation compared to LAMMA-HINDCAST and MERIDA-HRES, particularly in summer (Figure A4 in
Appendix A).

A more detailed discussion of precipitation biases across reanalyses is presented in Figures 5-8, which provide a
comprehensive overview of the relative biases for all daily and hourly precipitation indices (as defined in Table 2) during
autumn and summer. Figures 5 and 6 depict the relative biases of daily precipitation indices with respect to ARCIS, evaluated
over the ARCIS domain, while Figures 7 and 8 illustrate analogous results for hourly precipitation indices, assessed over the

Italian territory using GRIPHO
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Figure 5: Relative bias (%) of daily precipitation indices in the autumn season (SON) over the period 1991-2020. Bias is
calculated for each index (Table 2) with respect to ARCIS observations, over the ARCIS observation area, considering all
reanalysis datasets listed in Table 1.
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Seasonal Mean Frequency
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MORE

389

390  Figure 7: Relative bias (%) of hourly precipitation indices in autumn (SON). The relative bias of the seasonal mean (first column)
391 is derived from daily precipitation, to ensure consistency with the seasonal mean relative bias shown in Fig. 5 and Fig. 6 (calcula
392  ted using ARCIS). Biases are computed over Italy with respect to GRIPHO observations for the period 2001-2016, considering all
393 hourly reanalysis datasets listed in Table 1.

22



394
395

396

https://doi.org/10.5194/essd-2025-789
Preprint. Discussion started: 31 March 2026
(© Author(s) 2026. CC BY 4.0 License.

(c0 ®)

BY

Relative BIAS (%) - 2001 - 2016 - JJA

§ Earth System
Q
O

g Science

tData

Seasonal Mean o Frequency Intensity
o o 2
a
=
3
3
w
<
=
=
S
(%]
w
=4
<
<
)
<
w
=
w
o<
o
=

av

©

=

-
~

=
o
=]

Figure 8: As Figure 7, but for the summer season (JJA)

23

=

suoIssnasig



397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428

Earth System
Science

Data

https://doi.org/10.5194/essd-2025-789
Preprint. Discussion started: 31 March 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access
suoIssnasIqg

As discussed in Section 2.3.1, for both daily and hourly metrics, a bias range of —5% to +25% is considered acceptable.

The biases shown in Figures 5 and 6 highlight that relative biases in MORE are generally modest and substantially lower
compared to those in ERAS5-Land and CERRA, particularly during the summer season. Unlike ERA5-Land and CERRA,
which tend to overestimate wet-day frequency in summer and autumn and underestimate precipitation intensity and extremes
in summer, MORE provides a more accurate representation. The performance of MORE is comparable to that of other high-
resolution regional reanalyses, with most biases falling within the acceptable range.

On average, ERA5-Land, CERRA, and MERIDA-HRES overestimate mean daily precipitation and wet-day frequency,
especially during JJA. This overestimation is more pronounced in ERA5-Land and CERRA, while MORE and LAMMA -
HINDCAST, both based on the MOLOCH model, show better agreement with observations. Conversely, all reanalyses
generally underestimate precipitation intensity and extremes, particularly in JJA. An exception is MERIDA-HRES, which
systematically overestimates heavy precipitation events in both seasons, with a stronger signal during JJA.

Overall, MORE demonstrates notably improved performance in terms of relative bias, mitigating the overestimation of wet-
hour frequency characteristic of coarser-resolution products and more accurately reproducing daily precipitation intensity,
especially in summer.

At the hourly scale (Figures 7 and 8), the behavior observed for daily metrics is further amplified: MORE shows systematically
smaller biases and a robust improvement in relative bias metrics, particularly during JJA. This enhanced performance is likely
linked to its higher spatial resolution, which allows for a better representation of convective processes that are more frequent
and intense in summer. ERA5-Land, by contrast, consistently overestimates the frequency of wet hours while underestimating
precipitation intensity across almost all seasons. As a result, the daily mean precipitation (Figures 3 and 4) may appear realistic
but is in fact the product of compensating errors between frequency and intensity.

In contrast, MORE and the other high-resolution datasets better reduce wet-hour frequency and simulate more intense
precipitation events (Figures 7 and 8). MORE slightly underestimates wet-hour frequency but captures both precipitation
intensity and extremes (e.g., heavy precipitation) quite well, showing a clear improvement compared to LAMMA -
HINDCAST. MERIDA-HRES, although generally characterized by small biases during SON (Figure 7), diverges in JJA,
where it shows larger biases. Specifically, it tends to overestimate wet-hour frequency, particularly in southern Italy, and
overestimates extreme precipitation, as highlighted by the 99.9th percentile (Figure 8).

Figure 9 summarizes the uncertainties of the different reanalysis datasets over the Italian domain for both daily and hourly
precipitation using box plots, which display the median (black line), interquartile range (25th—75th percentiles), and 5th-95th

percentiles, providing insight into both central tendency and spatial variability of the biases.
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Figure 9: Box plots of reanalysis dataset biases (%) for the indices listed in Table 2, shown for daily (a—d) and hourly (e-h)
precipitation across all seasons over Italy. The grey shading indicates the acceptable uncertainty range (0—25%) in the observational
data, mainly due to systematic rain gauge undercatch, typically around 20%. Panels a—d show daily precipitation biases relative to
ARCIS observations over the ARCIS domain (northern Italy) for the period 1991-2020, while panels e~h show hourly precipitation
biases relative to GRIPHO observations across the GRIPHO domain (Italy) for the period 2001-2016
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Seasonal spatial distributions of relative biases for the various precipitation indices are shown, with ARCIS (Figure 9a—d) and
GRIPHO (Figure 9e—h) serving as reference observational datasets for daily and hourly precipitation within their respective
coverage domains. Overall, MORE exhibits good agreement with observations for both daily and hourly precipitation across
all indices, with most mean relative bias values falling within the acceptable uncertainty range. A key finding is that high-
resolution datasets, especially MERIDA-HRES, consistently exhibit lower mean relative biases and narrower uncertainty
ranges, particularly for wet-hour frequency. This added value is evident at the daily scale (Figure 9a-d), particularly in summer,
and becomes even more pronounced at the hourly scale (Figure 9e-h). For instance, ERA5-Land, in summer, shows wet-hour
frequency biases with uncertainty intervals that may exceed 180%, while high-resolution datasets confine these uncertainties

to a much narrower range (approximately 80%). Among all indices, uncertainty ranges are largest for wet-hour frequency.

3.1.2 Evaluation of Spatial Correlation and Variability of Daily and Hourly Precipitation

To assess the ability of MORE to reproduce the spatial patterns and variability of precipitation, we utilize Taylor diagrams,

which integrate the spatial correlation coefficient and the ratio of spatial standard deviation (Table 2). This diagnostic is applied

to both daily (Figure10a-h) and hourly (Figure 11a-f) precipitation.
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Figure 10:Spatial Taylor diagrams showing the performance of different datasets in reproducing the spatial variability of seasonal
daily precipitation over Northern Italy for SON (a-d) and JJA (e-h). The analysis considers mean seasonal precipitation (a,e), daily
precipitation frequency (b,f), daily precipitation intensity (c,g), and extreme daily precipitation, defined as the 99th percentile (d,h).
The diagrams display spatial correlation (azimuthal angle) and the ratio of spatial standard deviations (radial distance), with each
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dataset represented by a different colored symbol. ARCIS observations serve as the reference, with all statistics computed relative
to ARCIS within its observational domain for the period 1991-2020.

Frequency Intensity P99.9
3) 000010 0.000.10 0.000.10
( )2_0 ‘\“"0.30“0 i (b) ’ M,izoo.soom (© 20 ‘,7i2°0.30040
= $ ERAS-LAND 0 $ ~
s 050 %, Lamma - 050 %, id
e 0.60 %, MERIDA-HRES ¢ ™ \ 0.60 %/ e
S €5, MORE S G, S
® 15 0.70 ‘&, ® 15 0.70 %, ® 15
> 9 > 1 %, >
8 8 080 2 8
S 12 S 12 212
5 5 5
Z T ° °
€ 10 c 10 < 10
Qs 0.90 s \).90 5 0.90
w w wv
T 08 T 08 i \ T 08 g
2 095 & ~ \osos 2 PoS \o9s
£ 05 () £ 05 \ £ 05 \
5 ‘ y 5 Y \ 5 .
2.0, : \0.99 2.,|/'® : \099 20 |/e . \0.99
0.0 ke * 1.00 0.0 ke + 11.00 00 k= * I1.00
00 02 05 08 10 12 15 18 20 00 02 05 08 10 12 15 18 20 00 02 05 08 10 12 15 18 20
0.000.10 0.000.10 0.000.10
(d) 20 — &0040 (e) o M %0040 (f) 20 %0040
o ~__050 % - ~_050 % - ~050 %,
c c c 0.60 ’s/o
S S S 0,
315 & 15 B 15 0.70 %,
> > > %
a a a 0.80 2
S 12 S 12 P o 12 \>
= S S
<210 €10 [ € 10 | 56
& & o 3 & ® @
3 08 T 08 5 T 08 ;
] ' 2 0.95 2 \0.95
£ 05 < E 05 : g 05 )
S S o S
Z 0 o \0.99 2. . \0,99 2 ® : \0.99
0.0 > 1.00 00 k= o 11.00 0.0 ks > I1.00
00 02 05 08 10 12 15 18 20 00 02 05 08 10 12 15 18 20 00 02 05 08 1.0 12 15 18 20

Figure 11: Spatial Taylor diagrams evaluating the performance of different datasets in reproducing the spatial variability of seasonal
hourly precipitation over Italy for the SON (a-c) and JJA seasons(d-f). The analysis is presented for hourly precipitation frequency
(a,d), hourly precipitation intensity (b,e), and extreme hourly precipitation, defined as the 99.9th percentile (c,f). The diagrams
display the spatial correlation (azimuthal angle) and the ratio of spatial standard deviations (radial distance), with different colored
symbols representing individual datasets. Observational reference is provided by the GRIPHO dataset, with all statistics computed
relative to GRIPHO observations within the GRIPHO observational domain for the period 2001-2016. Note: ERAS_LAND R.std
for JJA frequency is 2.78 (d), outside the diagram scale and not visible

For almost all the seasons and precipitation indices at both daily and hourly time scale, spatial correlation coefficients exceed
0.7, and spatial standard deviations are generally close to 1, highlighting the good skill of MORE in reproducing both the
spatial correlation and amplitude of spatial variability. This is especially evident at the daily timescale during JJA (Figure 10a-
h). This reflects a robust representation of spatial precipitation patterns in terms of mean, frequency, intensity and extremes.
Similar performance is also observed for the other high-resolution datasets which outperform the coarser-resolution products
in terms of both spatial correlation and variability metrics.

At the hourly scale (Figure 11a-f), on the whole Italian domain covered by GRIPHO, discrepancies in spatial variability
become more pronounced, particularly between high-resolution datasets and ERAS5-Land, for all indices. MORE maintains
good skill in reproducing spatial correlation coefficients (0.7) and normalized spatial standard deviations for the majority of

seasons and indices. However, some limitations emerge during the summer months in representing hourly precipitation
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intensity (Figure 11e), when MORE tends to overestimate spatial variability, a behavior also evident in the other convection-

permitting datasets.

It is important to emphasize that the variability overestimation by some reanalysis datasets does not necessarily reflect poor
model performance. Part of the discrepancy may stem from observational uncertainties, particularly in complex orographic
areas, where the limited density of rain gauges and the interpolation methods used to produce gridded observational datasets
can result in an underestimation of local precipitation maxima and spatial variability (Isotta et al., 2014). Moreover, when
comparing against the GRIPHO dataset, it is crucial to consider that it is derived from a non-uniform station network, with a
significantly higher density of rain gauges in the northern part of Italy than in the central and southern regions (Fantini, 2019).
This spatial inhomogeneity in observational coverage can influence the accuracy of the reference data, particularly in regions
with sparser stations.

Overall, MORE demonstrates a performance comparable to that of the other convection-permitting datasets, yielding a more

realistic representation of precipitation patterns and variability than coarser-resolution reanalysis products.

3.1.3 Assessing the Skill in Representing Precipitation Using Performance Diagrams

To evaluate the ability of reanalyses to reproduce observed precipitation characteristics, we employ Performance Diagrams
(Roebber, 2009), a compact tool that simultaneously displays multiple verification metrics for binary (yes/no) precipitation
events, as detailed in Section 2.3.1 and summarized in Table 2. A precipitation event is defined as the exceedance of a specified
threshold over a given time interval. Thresholds are applied at both daily and annual timescales, enabling the evaluation of
dataset performance across a range of precipitation intensities and temporal aggregations (Capecchi et al., 2023). Annual
thresholds are set at approximately 700, 900, 1100, 1400, 1600, and 1800 mm/year, corresponding to the 25th, 50th, 75th,
90th, 95th, and 98th percentiles of the observed mean annual precipitation distribution derived from the GRIPHO dataset.
Daily thresholds, on the other hand, are defined at 1, 2, 5, 10, 20, and 50 mm/day.

The Performance Diagrams in Figure 12 present the evaluation against the GRIPHO dataset for daily precipitation, providing

a detailed assessment across multiple thresholds.
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Figure 12:Performance diagram for daily precipitation over the period 2001-2016, comparing reanalysis datasets against GRIPHO
observations within the GRIPHO domain. The x-axis shows the Success Ratio (SR), and the y-axis the Probability of Detection
(POD). Curved isopleths represent the Critical Success Index (CSI), while dashed diagonal lines indicate bias values

MORE generally exhibits good skill, with POD and SR values exceeding 0.5 for most thresholds, except at the highest
threshold of 50 mm/day. Consistent with the results shown in Figures 5-8 and Figs. A1-A4, and as highlighted in earlier studies
(Kendon et al., 2012; Ban et al., 2021), the parameterized convection used in regional climate model simulations and in
reanalyses such as ERAS5-Land and CERRA tend to overproduce widespread light rainfall and underestimate daily maxima.
This behavior is evident for the lower thresholds (1, 2, and 5 mm/day) (Figure 12), where ERAS5-Land and CERRA points lie
above the 1:1 bias line (bias = 1.3), despite relatively high POD values (>0.75) and acceptable SR. In contrast, the convection-
permitting reanalyses (MORE, MERIDA-HRES, and LAMMA) show comparable performance, outperforming ERAS5-Land
and CERRA, although both POD and SR decrease progressively at higher thresholds.

The decline in SR at the highest thresholds highlights the increasing challenge of capturing rare and spatially localized
precipitation extremes, often confined to orographically complex regions. It is important to note that the construction of
performance diagrams requires a strict one-to-one spatial correspondence between simulated and observed events. At
convection-permitting resolutions, this approach can lead to an excessive penalization of the models (double penalty; Rossa et
al., 2008), as simulated events that are slightly displaced relative to observations are classified as both misses and false alarms,

despite representing physically consistent precipitation.
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Another aspect that emerges from our performance analysis is that skill scores calculated against GRIPHO are systematically
higher than those obtained with ARCIS (see Appendix A, Fig. AS5). This discrepancy likely reflects the coarser spatial
resolution of ARCIS (5 km) and the smoothing introduced by its interpolation methods, which attenuate localized intense
rainfall events (as discussed in Section 2.3), while GRIPHO (3 km) better preserves such extremes, providing potentially a
more robust verification dataset. In addition, the ARCIS dataset is partly based on historical time series from manual networks,
where daily precipitation was measured in the early morning and assigned to the observation day, although it referred to the
preceding 24-hour period. Despite subsequent corrections through automatic weather stations and homogenization procedures,
residual uncertainties in event timing of about +1 day may persist (Pavan et al., 2018). For this reason, ARCIS-based results
are reported in Appendix A (Fig. A5). These findings emphasize the importance of carefully considering the characteristics of
the observational dataset employed for model evaluation, particularly in relation to the analyzed variable and temporal scale.

Finally, the annual-scale performance diagrams, complementing the daily analysis, are also provided in Appendix A (Figs.
A6-AT). These confirm the general conclusions: MORE outperforms ERAS-LAND and CERRA across most thresholds and
shows comparable skill to other high-resolution convection-permitting datasets, although with slightly better performance than

LAMMA.

3.1.4 PDF analysis for Assessing the Representation of Precipitation Distributions and Extremes

To evaluate how well MORE reanalysis reproduces not only the mean but also the full distribution and variability of observed
precipitation, including rare and extreme events (Wilks, 2011), we computed the Probability Density Functions (PDFs) of
precipitation at both daily and hourly scales. This approach provides a comprehensive view of model performance beyond
simple averages, allowing the assessment of how well the frequency and intensity of precipitation events are captured across
different time resolutions. Such analysis is particularly relevant for hydrological applications and impact-oriented studies,
where both light and extreme precipitation events play a crucial role (Maraun et al., 2010; Kendon et al., 2012).

Figures 13 and 14 show the Probability Density Functions (PDFs) of daily and hourly precipitation, respectively, evaluated
for the different reanalysis datasets against observations.

The highest observed daily precipitation values, located in the tails of the PDFs, reach approximately 600 mm/day in NI
(Figures 13a,b ). For hourly precipitation, the maximum observed amounts reach approximately 200 mm in northern and

southern Italy, and about 150 mm in central Italy (Figures 14a,b,c).
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Figure 13:Probability Density Function (PDF) of daily precipitation, evaluated for different reanalysis datasets against: a) ARCIS
observations within the ARCIS observational domain (Northern Italy) for the period over the 1991-2020; b) GRIPHO
observations within the same domain but for the period 2001-2016. All datasets have been interpolated onto the corresponding
observational grid resolution (ARCIS: 5 km; GRIPHO: 3 km). The horizontal axis shows precipitation intensity (mm/day), while
the vertical axis indicates the relative frequency of events within each intensity bin. This figure illustrates the ability of each
dataset to capture the observed distribution of daily precipitation, from light to extreme events.
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Figure 14:Probability Density Function (PDF) of hourly precipitation for the period 2001-2016, evaluated for different reanalysis
datasets against GRIPHO observations over three subdomains a) Northern Italy (NI), b) Central Italy (CI), and c) Southern Italy
(SI). The three subdomains are shown in each panel. All datasets have been interpolated onto the GRIPHO grid at a spatial
resolution of 3 km. The horizontal axis represents precipitation intensity (mm/hour), while the vertical axis indicates the relative
frequency of events within each intensity bin. This figure assesses the ability of each dataset to reproduce the observed distribution
of hourly precipitation, including both light and intense events.

MORE reproduces the distribution of daily precipitation events with notable accuracy, in line with the other convection-
permitting reanalysis and closely matching the observed frequencies across most intensity bins (Figures 13a and 13b).
However, a systematic underestimation becomes apparent for higher intensity thresholds, particularly above 200 mm/day,
consistent with the limitations already highlighted in the analysis of the performance diagrams. This limitation is more
pronounced when comparing with the GRIPHO observational dataset (Figure 13b), likely due to its finer spatial resolution (3
km), which allows for a more detailed representation of local-scale extremes. As a result, GRIPHO captures a greater number

of high-intensity events that may be smoothed out in coarser observational references.
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At the hourly scale (Figures 14a-c) the analysis is further stratified into three macro-regions: Northern Italy (NI), Central Italy
(CI), and Southern Italy (SI), to highlight the differing precipitation regimes across the peninsula. This regional breakdown
also allows assessment of the models’ ability to capture the spatial variability of precipitation, which is essential for accurate

climate simulations and hydro-meteorological impact studies.

MORE demonstrates good agreement with the observed probability distributions over NI, CI, and SI. Nonetheless, the dataset
exhibits reduced capability in representing the most intense precipitation events in the tails of the PDFs, those exceeding 100
mm/h, especially over NI (Figure 14a), a region more frequently affected by such extremes. This behavior is also observed in
other high-resolution datasets such as MERIDA-HRES and LAMMA-HINDCAST. However, MERIDA-HRES appears to
exhibit greater difficulty in representing the most extreme precipitation values compared to MORE and LAMMA -HINDCAST.
Overall, this reflects a common limitation among convection-permitting models (CPMs) operating at horizontal resolutions of
approximately 2—4 km. These models may still be inadequate to simulate highly localized and intense convective events, which
likely require even finer spatial resolutions, potentially below 1 km, to resolve the mesoscale and storm-scale dynamics
responsible for such extremes (Bryan et al., 2003; Wyngaard, 2004; Ban etal., 2014; Leutwyler et al., 2016; Vergara-Temprado
et al., 2020).

In contrast, ERAS-Land displays a clear tendency to underestimate precipitation occurrences at both daily and hourly scales,
particularly failing to represent high-end extremes. This underestimation is consistent with findings from previous studies and
is commonly attributed to the use of parameterized convection schemes, which are known to inadequately capture the intensity
and frequency of sub-daily extremes (Ban et al., 2021; Pichelli et al., 2021; Stocchi et al., 2022). The inability of such models
to resolve explicitly convective processes limits their effectiveness in simulating short-duration, high-intensity precipitation
events, which are often critical for hydrological impact assessments and risk management in complex orographic regions such

as Italy.

3.2. MORE temperature fields assessment

Regarding temperature, the evaluation encompasses all four seasons over the period 1991-2020, to facilitate a comparison
with prior validations of reanalysis products employing the same methodological framework (Cavalleri et al, 2024a). The
analysis distinctly separates systematic errors, reflected in biases of seasonal climatologies, from errors arising from daily
variability, assessed comparing daily temperature anomalies. This approach enables a detailed assessment of dataset

performance in reproducing different t2m features. Finally, MORE ability in reproducing t2m trends is assessed.

3.2.1 Climatological biases

As a first step, the seasonal climatological averages (1991-2020) of t2m fields are computed for MORE, UniMi/ISAC-CNR
and for the other reference reanalyses (see Appendix A, Figure A8). The higher level of detail provided by MORE is evident
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in both seasons, better describing the features over complex terrains such as Alps and Apennines. Then, CBIAS fields are
calculated for each season at the native MORE resolution (Figure 15, row a). Overall, a cold bias of approximately -1°C is
observed, which is more pronounced during winter, especially over Central Italy and Sicily. In summer, the cold bias becomes
more evident over Southern Italy and Sicily, while some localized warm biases (<1°C) are also present in certain Alpine valleys
and areas of the Po Valley.

SON  CBIAS (°C)

MAM JA SON MAEE (°C)

e th Il

Figure 15: seasonal performance of MORE t2m fields. Row a) CBIAS at the MORE resolution over the climatological period
1991-2020. Row b) MAE in time between MORE daily t2m anomalies and corresponding UniMi/ISAC-CNR ones. Row ¢) CORR
between MORE daily t2m anomalies and corresponding UniMi/ISAC-CNR ones. Row ¢) CORR between MORE daily t2m
anomalies and corresponding UniMi/ISAC-CNR ones.
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The performance of MORE t2m fields is compared with that of other regional reanalyses that have been previously validated
using the same observational dataset and methodology and over the same time period considered in this study. In particular,
validation results for ERAS, ERAS5-Land and CERRA are available in Cavalleri et al. (2024a), while MERIDA-HRES is
evaluated in Viterbo et al. (2024). Each reanalysis is assessed at its native spatial resolution; therefore, these comparisons are
not intended to rank the reanalyses from best to worst, but rather to provide context regarding the magnitude of their native-
resolution errors. Table 3 reports the Average CBIAS and the MAE over the entire Italian territory for MORE and other
reanalyses. While the Average CBIAS provides the main direction of the deviation (colder or warmer), the MAE provides the
average deviation from the observations regardless of the sign. Negative biases means that the reanalysis is colder than the
observations. Although all products generally exhibit a cold climatological bias to varying extent, MORE and MERIDA-HRES
are the reanalyses with the strongest bias among those analyzed (up to -1.5°C). MORE shows slightly worse CBIAS than
MERIDA-HRES, by approximately 0.1°C to 0.3°C across all seasons, except in winter, when the bias in MORE is marginally
better (by about 0.1°C). MORE presents a climatological MAE of 0.1 to 0.2 °C larger than CERRA and ERAS5-Land ones, but
smaller than MERIDA-HRES in most seasons (except winter).

Average Bias (CBIAS) Mean Absolute Error (MAE)

DIF MAM JJA SON Annual DIF MAM JIA SON Annual

ERA5-Land -1.31 -1.25 -092 -097 -1.11 139 126 098 1.03 1.14

CERRA -1.19 -092 -085 -1.15 -1.03 125 102 1.04 118 108

MERIDAHRES -1.49 -1.41 -1.45 -1.39 -1.40 156 1.44 152 144 145

MORE -1.57 -1.27 -1.06 -1.22 -1.32 159 128 1.14 124 132

Table 3. Average bias (left) and MAE (right) of climatological seasonal and annual t2m fields against UniMi/ISAC-CNR observations,
for MORE and the other reanalyses considered.

Additionally, CBIAS on the seasonal daily minima and maxima t2m are computed for MORE (not shown) and other
reanalyses. The average biases are reported in Table 4. In the case of climatological minimum t2m, different patterns emerge
among the products. MORE displays biases between -0.7 and 0.1 °C, particularly low in summer and autumn, indicating a mix
of over and underestimations in these seasons. In contrast, the bias tends to be predominantly negative in winter and spring.

Among the other datasets, MERIDA-HRES systematically underestimates minimum temperatures by about -1 to -1.5°C.
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ERAS5-Land also shows a consistent cold bias, though it is less pronounced in spring and summer. On the other hand, CERRA
exhibits a behavior similar to MORE, with more spatially variable deviations and average biases near zero, especially in
autumn and at the annual scale. Regarding maximum temperatures, MORE shows a slightly stronger cold bias than the other
products, ranging from -1.5 to -2°C. However, most datasets display biases between -1 and 1.5°C across seasons and annually,
except for summer when biases in other products remain negative but closer to 0°C. This pattern has been observed in previous
studies. In particular, while several factors may contribute, spatial resolution and the representation of topographic and surface

processes are among the possible influences on the simulation of daytime maximum temperatures.

Average Bias on Mimimum Temperatures Average Bias on Maximum Temperatures
(CBIAS) (CBIAS)
DJF MAM JJIA SON Annual DJF MAM JIA SON Annual

ERA5-Land -0.92 -0.89 -0.50 -1.70 -0.79 -0.97 -0.99 -0.42 -1.25 -1.41
CERRA -0.14 -1.25 -0.85 0.15 -0.19 -1.47 -1.15 -0.27 -1.30 -1.29
MERIDA -1.44 -1.37 -1.29 -1.47 -1.04 -1.35 -1.32 -0.78 -1.40 -1.42
HRES

MORE -0.72 -0.46 -0.06 -0.19 -0.39 -1.94 -1.42 -1.65 -1.51 -1.67

Table 4. Average bias of climatological seasonal and annual daily minima (left) and maxima (right) t2m fields against UniMi/ISAC-
CNR observations, for MORE and the other reanalyses considered.

3.2.2 Daily anomalies

Shifting the focus to day-to-day variability, MORE t2m anomalies (with respect to MORE t2m 1991-2020 climatologies) are
compared with the observed anomalies. MORE generally shows MAEt values ranging between 0.5°C and 1°C across most of
the territory, with the exception of Sardinia (Figure 15, row b). In Sardinia, higher errors are located over mountainous areas,
particularly in spring and summer. The highest MAEt values were observed in winter, when errors exceed 1°C on average
over the Apennines and the Alpine region, reaching up to 1.5°C in some Alpine valleys. Values of CORR above 0.9 are
recorded over most of the territory and during most seasons, with the exception of Sardinia in winter and spring (Figure 15,

row c). The lowest CORR are found during autumn in the Po Valley, particularly in its western sector and in some Alpine
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valleys, where CORR drops below 0.85. These spatial and seasonal differences between the two indicators help to highlight
areas of reduced model performance from different perspectives. While CORR reflects the ability of the reanalysis to correctly
capture the day-to-day variability, MAEt quantifies the magnitude of these discrepancies. For example, in the Alpine region
during winter, CORR is high, indicating that the reanalysis correctly tracks the direction of anomalies, but the MAEt is
relatively large, suggesting that the amplitude of the anomalies is overestimated. Conversely, in the Po Valley during autumn,
CORR values are low, indicating difficulty in capturing the day-to-day sign changes of anomalies, yet the MAEt remains low

and comparable to other regions, suggesting that the errors are relatively small.

Compared to other reanalysis products in terms of spatial averages of anomaly error indicators (Table 5), MORE exhibits
slightly higher MAEt values compared to MERIDA-HRES and ERAS5-Land, but substantially lower than CERRA. In terms of
CORR, MORE shows values that are comparable to those of MERIDA-HRES and ERAS-Land, and systematically higher
than those of CERRA. In summary, the t2m fields provided by MORE demonstrate a performance that is fully consistent with
the current state-of-the-art high-resolution regional reanalysis products over Italy. Importantly, these results are achieved while

operating at an even higher spatial resolution (~1.7 km) compared to the previously available datasets.

3.2.3 Trends

Finally, the ability of MORE to reproduce the warming trend over the Italian territory and its spatial patterns is validated using

the annual mean of the daily 2-meter temperature (t2m) anomaly in order to reduce noise.

The warming trends are estimated using the Sen’s Slope method over the period 1991-2020. The mean trend obtained with
MORE is +0.39 °C per decade, with a 95% confidence interval of [0.36, 0.46], corresponding to approximately +1.28 °C over
30 years. The corresponding trend from the UniMi/ISAC-CNR observational dataset is +0.44 °C per decade, with a confidence
interval of [0.35, 0.50], amounting to +1.32 °C over the same period. The maps of these trends (Figure 16, left and central
panels) show similar spatial patterns. To investigate the small differences in these similar patterns, a spatial map of the
deviation in trend between MORE and the observations (Figure 16, right panel) was obtained. The distribution of these
deviations indicates that 95% of the differences lie within the range of —0.2 to +0.1 °C per decade. Trend underestimations of
about —0.1 to —0.2 °C per decade are found over the Eastern Po Valley, parts of the central Apennines, and some areas in the
northern sectors of Sardinia and Sicily. Milder underestimations also occur in South-Western areas and in the western Alps,
while overestimations of up to +0.2 °C per decade are mainly observed in South-Eastern areas and in some valleys in Eastern
Alps and Prealps. These patterns are similar to those found in other reanalyses based on ERAS downscaling (see Figure 9 in
Cavalleri et al., 2024a), suggesting that such inhomogeneities may be inherited from the ERAS dataset itself. Nevertheless,

more than 98% of the grid points lie within the range [-0.2, +0.2] °C per decade, which corresponds to a deviation from the
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observed trend of no more than £0.6 °C over 30 years, below the half of the magnitude of the warming signal. Those deviations

are in line with the ones of other regional downscalings (Cavalleri et al. 2024a).
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Figure 16: decadal trends in the annual t2m anomaly for MORE (left panel), and UniMi/ISAC-CNR observations (central panel);
decadal trends of the differences between MORE and observational annual t2m anomalies (right panel).

4. Application of MORE

To illustrate the potential of the MORE reanalysis, we present its application across meteorological, hydrological, and
climatological perspectives. This approach emphasizes the dataset’s high-resolution capabilities and its relevance for diverse

atmospheric and environmental analyses.

4.1 Meteorological case studies: May 2023 extreme precipitation events

In view of possible applications to natural risk prevention and adaptation, besides a general validation of the reanalysis, it is
also extremely relevant to assess its capability of reproducing extreme precipitation events characterized by high-impact at the
ground. To attain this aim, a case study affecting Emilia Romagna region, northern Italy, in spring 2023 has been selected as
a test bed.

The extensive flooding episode was characterized by two almost “twin” rainfall events, occurring one after the other at about
two weeks distance, 01-03 May and 15-17 May. Within this period, thus between the two main events, scattered precipitation

contributed to maintain high values of moisture content in the soil, a critical factor determining the flood severity (Cremonini

38



718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733

734
735

736
737

738
739
740
741
742
743

Earth System
Science

Data

https://doi.org/10.5194/essd-2025-789
Preprint. Discussion started: 31 March 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access
suoIssnasIqg

et al., 2024). River overflow and breaching, landslides and flooding of lowland areas resulted in a dramatic toll of 16 casualties
and many billions of damages (Brath, 2023; ARPAE, 2023a,2023b).

The precipitation distribution was very similar in the two events, induced by the presence of a Mediterranean cyclone and by
orographic forcing (Dorrington et al., 2024). In the first event, cyclogenesis occurred in the central Mediterranean, whilst in
the second one, the cyclone formed in the lee of the Atlas Mountains and then moved northward over central Italy. Although
the detailed characteristics of the two cyclones and of the environment were slightly different, in both events the low surface
pressure played a key role in driving moist easterlies from the Adriatic, impinging on the northern Apennines (as properly
shown by the reanalysis, see Appendix A Figure A9). Thermal contrast and convergence at the foothill of the Apennines
enhanced the orographic uplift and triggered convective activity especially along the Adriatic coast.

The slow mesoscale evolution and the persistence of the low-level flow configuration were responsible for extreme amounts
of rainfall, exceeding 200 mm in less than 48 hours in each event, over a wide area of the northern Apennines. Considering
the precipitation accumulated during the whole period from 01 to 17 May, a 200-year return time was estimated (Barnes et al.,
2023). The total accumulated precipitation simulated by MORE and ERAS5Land is compared with the observations (Figure
17) obtained by interpolation of the national rain gauge network managed by the Italian Department of Civil Protection (Italian

Civil Protection and CIMA Research Foundation, 2014).

Total precipitation

Total precipitation

T I I I

MORE " ERASLAND

Fig.17: Accumulated precipitation between 01 and 17 May 2023. Observations (interpolation of national raingauge network (Dewetra-
DPC), MORE and ERASLAND. The two circles in the OBS panel, indicate the locations of the Trebbio and Rullato rain gauge
stations, shown in blue and white, respectively

MORE demonstrates to reproduce the intensity of the extreme event, with the highest amount localized over the mountain
sector in the central-eastern part of the region. Although with a slight underestimation of the rainfall peaks, MORE clearly
improves with respect to ERASLand, according to the general statistical validation discussed before and presents also a much
more detailed spatial distribution of the rainfall, likely correlated with the orographic features that the high resolution captures.
The temporal evolution of the hourly precipitation in two rain gauges located in the rainiest area (Figure 18), highlights on the

one hand the accurate timing of MORE in reproducing all the precipitation spells in the period, but on the other hand a slight
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eastward shift of the rainfall peaks. In fact, while at Trebbio (blue circle in Figure 17) MORE underestimates the total rainfall
amount, only a few tens of kilometres to the east at Rullato (white circle in Figure 17) it overestimates precipitation

Accumulated precipitation

—— Trebbio obs

6001 __ rebbio MORE
—— Trebbio ERA5SLand
-=-~- Rullato obs

500 4 === Rullato MORE
=== Rullato ERA5Land

400

Precipitation [mm]
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o
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100 A
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Date

Fig.18: Hourly rainfall evolution for the whole period 01-17 May 2023 at two rain gauge stations located in the Apennines area
affected by the most intense precipitation. Trebbio (solid line): 570 m.a.s.l., Lat: 44.137, Lon: 11.837; Rullato (dashed line): 600
m.a.s.l, Lat: 43.946, Lon: 12.077. Black, red and green lines refer to observations, MORE and ERA5LAND, respectively.

It is worth noting that the two above rain gauges pertain to different watersheds, so it may be interesting to investigate to what
extent this uncertainty in the location affects the river discharge that can be reconstructed by forcing an hydrological model

with MORE rainfall fields. This is done in the following Section where hydrological applications of MORE are presented.

4.2 Hydrological case study: May 2023 floods events

This hydrological analysis aims at evaluating the capability of the MORE dataset to reproduce the flood events that affected
the Reno (992 km2), Lamone (202 km2) and Savio (576 km2), river basins (Emilia-Romagna region) in May 2023. To this
end, the MISDc model (Brocca et al., 2011; Camici et al., 2025) is employed. MISDc is a semidistributed conceptual
hydrological model designed to simulate the main hydrological processes occurring within the soil and along the river network,
including infiltration, surface runoff, excess runoff, percolation and river routing. Soil-related processes are computed at the
grid scale over two layers (superficial and root zone), whereas river routing is performed at the sub-basin scale. It is important
to note that the model does not simulate levee overflows or the consequent reduction in water volume caused by flooding.
Nonetheless, MISDc has been widely used for the hydrological validation of precipitation products (e.g., Camici et al., 2020,
2018; Brocca et al., 2020; Almagro et al., 2021; El Khalki et al., 2023) and has shown strong performance in reproducing flood
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peaks across various river basins worldwide (e.g., Brocca et al., 2013; Masseroni et al., 2017; Cislaghi et al., 2020; Nguyen et
al., 2020; Ding et al., 2022). For more detailed information on the MISDc model's equations, parameters, and calibration
procedures, the reader is referred to Camici et al. (2025).

The model utilizes high-resolution air temperature and precipitation data from the MORE dataset as input, and is calibrated
against the river discharge measurements observed in the 2023-2024 period at the outlet sections of the investigated basins.
Calibration is performed by minimizing an objective function based on the Kling-Gupta Efficiency (KGE) index (Gupta et al.,
2009). It has to be specified that a perfect match between observation and simulation is characterized by a KGE value equal
to 1. In order to rigorously assess the possible added value of employing high-resolution meteorological data for flood risk
monitoring, an analogous calibration and simulation procedure is conducted by using the lower-resolution ERAS5-Land
meteorological dataset as input to the MISDc model.

Figure 19 illustrates the MISDc results in terms of river discharge evolution for the period 1-31 May 2023 at the outlet sections
of the Reno, Lamone, and Savio river basins. As shown, the MORE meteorological dataset enables a more accurate
reproduction of the observed river discharge, with KGE values exceeding 0.84 for the Reno and Savio basins, and a value of
0.62 for the Lamone basin. Overall, the MORE dataset outperforms ERAS5-Land data, as evident from both the discharge time
series and the corresponding KGE values of 0.46, 0.65, and 0.70 for the Reno, Lamone, and Savio basins, respectively (Figure

19).

Reno: KGEER‘5L= 0.46 | KGEMORE= 0.84 Lamone: KGEEM5L= 0.65 | KGEMORE= 0.62 Savio: KGEEM5L= 0.70 | KGEMORE= 0.88
500 120
= ) | 600 | ——Qobs |
100 1
2 400 « | — — —Qsim ERASL| ||
£ 80 !( ——Qsim MORE | |
5 300 ‘ 400
) ‘ \
! !
5 200 ¥ “"ll“ |
i
= A i 40 ‘M‘, “I’
5 ,‘U\‘ Iy A ] “ 200 \‘J L
E 100 i U‘\ |‘_ - 20 [ A fv “1 ‘,“‘
Wl \*r-'} e —— 0 ——— 0 é“} C‘I W e “-;.’ \P‘}q .
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Figure 19: River discharge evolution for the period 01-31 May 2023 at the closure sections of Reno, Lamone and Savio river basins.
Blue dashed and red lines represent the modeled river discharge by using ERA5_Land and MORE data as input to the hydrological
model, green lines refer to in situ observations.

However, beyond river discharge, it would be interesting to investigate whether the meteorological data input into the
hydrological model can 'get the right answers for the right reasons' (Kirchner, 2006). The rationale behind this concept is that
the hydrological model, through calibration, adjusts model parameters to reproduce the target variable. However, this does not
necessarily ensure that internal hydrological processes and states, such as soil moisture, evapotranspiration, or snowmelt, are
accurately represented. Given that this analysis focuses on a flood event, particular attention should be paid to the
spatiotemporal evolution of surface soil moisture, which plays a crucial role in determining runoff response (Cremonini et al.,

2024).
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Figure 20 illustrates the spatial and temporal evolution of surface soil moisture in the studied basins across three selected days:

10, 18 and 25 May, representing conditions before, during, and after the second and major flood event.
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Figure 20: Relative soil moisture pattern for 10, 18 and 25 May 2023 over three study basins, Reno, Lamone and Savio. The first and
second rows illustrate the modelled soil moisture by using MORE and ERAS5L datasets as input into the MISDc model. The third row
shows the satellite-based ASCAT soil moisture pattern.

The first row shows modelled soil moisture using MORE as meteorological input, while in the second row the ERAS5-Land
data are considered. For comparison, the third row displays daily satellite-based surface soil moisture from Metop Advanced
SCATterometer Surface Soil Moisture Near Real Time 12.5 km sampling (ASCAT,
https://hsaf.meteoam.it/Products/Detail ?prod=H29).

The results reveal substantial differences in the MISDc spatial representation of soil moisture between the two meteorological
datasets. The higher spatial resolution of MORE allows the MISDc model to capture finer-scale variability in soil moisture,
which is particularly important for accurately simulating hydrological processes in small catchments. In contrast, coarser-
resolution inputs such as ERA5-Land tend to smooth out local heterogeneities, potentially compromising model performance
in such contexts (Brocca et al., 2024). In addition, the temporal evolution of soil moisture is also noteworthy. Following the
earlier precipitation event, soil conditions on 10 May were already wet, with values exceeding 0.53 across all soil moisture
products. Saturation levels further increased by 18 May, reaching particularly high values over the Reno basin. These saturated
conditions, combined with the intense rainfall on 17—-18 May, significantly contributed to the severity of the flood impacts in
the region (Arrighi and Domeneghetti, 2024). Following the event, soil moisture values decreased but remained above 0.55,

indicating a hydrological memory effect associated with the flood. While this temporal behaviour is reasonably well captured
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by both the MORE-forced simulations and ASCAT satellite observations, the ERAS5-Land-derived soil moisture fails to
reproduce this variability. Specifically, ERAS-Land shows limited spatiotemporal dynamics, suggesting it may be unsuitable
for applications requiring detailed soil moisture characterization at the catchment scale. This finding is particularly relevant,
as the MORE dataset offers spatial and temporal resolutions well-suited for a wide range of hydrological applications,
particularly in small catchments. These include not only the modelling of extreme flood events, but also the downscaling of

satellite products and the validation of high-resolution satellite-based observations.

4.3 Climate analysis: Long-term trends and variability of key climate indices

Finally, one last application of MORE, from a climatic perspective, concerns its use in the calculation of climate indices based
on daily values. In particular, one indicator from a set of extreme temperature and precipitation indicators suggested by
ETCCDI (Expert Team on Climate Change Detection and Indices; Karl et al., 1999) is considered, the Tropical Nights (TR).
This index counts the number of nights per year during which the minimum temperature does not drop below 20°C.

Rather than focusing solely on the spatial distribution of this index, the analysis aimed to evaluate MORE’s ability to reproduce
the temporal trend in the number of TR over the study period (1991-2020), based on the MORE ability in reproducing t2m
trends, assessed in Section 3.2.3. Figure 21 presents both the average number of TR and the decadal trend in TR for the
observational dataset UniMi/ISAC-CNR, MORE, and other reanalyses. The 1991-2020 climatological averages of TR (Figure
21, top panels), provide useful insights about regions most frequently affected by tropical nights.
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834 Tropical Nights. The panel layout is the same as above.
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Among all reanalyses, MORE shows the strongest agreement with observations, both in the spatial distribution and the
frequency of TR. According to observations, regions such as southeastern Italy and several coastal areas of central and southern
Italy, including islands, experience over two months of TR per year, with parts of Sicily exceeding three months. MORE
reproduces this pattern well, despite a known cold bias in minimum temperatures that results in some underestimation,
particularly in Apulia and Sicily. Still, its performance is generally slightly more consistent with the observations than that of
MERIDA-HRES, which is the other product capable of capturing TR patterns quite well. ERAS5-Land captures the signal over
Apulia reasonably well but underestimates TR in Marche and Campania regions. CERRA performs better in these two regions,
though with greater spatial irregularity.

In terms of trends (Figure 21, bottom panels), MORE also aligns closely with observations, showing similar average trends
(+6.18 and +6.31 TR per decade, respectively) as well as nearly identical InterQuartile Ranges (IQR, 4.00-8.18 for MORE
and 4.12-8.67 for observations). This suggests that MORE effectively captures the spatial variability of TR trend.

In contrast, the other reanalyses display greater discrepancies. ERAS5-Land reports a comparable average trend (+6.00 TR per
decade) but with a broader IQR (2.86—8.89), and it fails to detect significant increases over the Po Valley. CERRA shows a
higher average trend (+7.25 TR per decade) and the widest IQR (4.24—10.00), overestimating the warming signal in some
areas while missing it across central Italy and Sicily. MERIDA-HRES underestimates the trend (+4.29 TR per decade; IQR
1.76-6.36) and is overall less consistent with the observed patterns than MORE.

5 Data availability

The dataset used and analysed in this study is the MOloch-downscaled ERAS5 REanalysis (MORE), Version 1. This release
includes hourly near-surface air temperature and precipitation over Italy and the Alpine region for the period 1991-2020,
corresponding exactly to the data validated and discussed in this manuscript.

MORE V1 is openly available through the Zenodo repository at: [https://doi.org/10.5281/zenodo.18470948] (Stocchi, P.

2026), which ensures long-term preservation and permanent access.

Additional variables and temporal extensions, described but not analysed in this study, are maintained in the CNR-ISAC
repository and will be released under a separate DOI once consolidated.

The Zenodo V1 release serves as the official reference for this publication, while the full operational dataset remains accessible

internally.

6 Conclusions

This study presents a comprehensive evaluation of MORE, a dataset of high-resolution (~1.7 km) convection-permitting

regional reanalysis over Italy, generated through dynamical downscaling of ERAS with the non-hydrostatic MOLOCH model.
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The dataset covers the 1990—present period and is designed to capture fine-scale meteorological processes, particularly in
complex terrain.

A multiscale validation framework is employed, assessing daily and hourly precipitation and daily near-surface air
temperature. Precipitation is evaluated against high-quality gridded observations (GRIPHO, ARCIS), while temperature fields
are assessed using UniMi/ISAC-CNR station data projected onto the native grid and elevation of MORE to avoid orographic
mismatches to introduce additional biases. MORE is benchmarked against other convection-permitting products (LAMMA-
HINDCAST, MERIDA-HRES) and coarser-resolution reanalyses (ERA5-Land, CERRA).

The results show that MORE realistically reproduces the spatial and temporal variability of precipitation across Italy, with
particular skill during summer convective regimes. Relative biases in mean precipitation, wet-day frequency, and intensity
generally fall within —5% to +25% and are lower than those of ERAS5-Land and CERRA. MORE also outperforms or matches
other CPM reanalyses, especially in capturing extremes and localized heavy rainfall at sub-daily scales, reflecting the added
value of its high spatial resolution and explicit convection representation. Taylor and performance diagrams further corroborate
its high spatial correlation and realistic variability, while PDFs confirm faithful reproduction of both moderate and extreme
events, with underestimation in the tails for rare events (>100 mm/h, >200 mm/day).

Temperature validation demonstrates that MORE captures key spatial and temporal features of near-surface air temperature
climatology and variability, including daily anomalies and long-term trends. Despite a systematic cold bias (~1 °C, stronger in
winter and in specific regions), temporal correlations on daily anomalies exceed 0.9 and mean absolute errors against
observational anomalies remain below 1 °C for most regions and seasons. The dataset reliably reproduces spatial patterns and
trends of climate indicators, such as the number of Tropical Nights and its increase, aligning closely with observations and
outperforming or matching other reanalyses.

Beyond climatological validation, MORE shows strong potential for practical applications. A case study (May 2023 Emilia-
Romagna flood) demonstrates its capability to reproduce mesoscale dynamics of extreme precipitation events. Total
accumulated rainfall agrees well with interpolated rain gauge data, and hourly time series at representative stations capture the
timing and evolution of rainfall spells, with only minor spatial shifts. Hydrologically, MORE-driven simulations improve
representation of catchment-scale discharge, rainfall, and soil moisture dynamics, confirming its utility for impact modeling,
flood forecasting, and hazard mitigation.

Overall, MORE represents a major advancement in regional reanalysis for Italy, to our knowledge, is currently the highest-
resolution dataset available for the Italian territory and the Alps. Its high spatial and temporal resolution, together with
convection-permitting dynamics, allows for a substantially improved representation of key meteorological variables.
Additionally, MORE provides a comprehensive set of atmospheric variables across multiple pressure levels, making it a
valuable reference for climate analyses, characterization of extreme events, climate services, hazard prediction, and
environmental impact assessments. Importantly, MORE also has the potential to serve as a high-quality training dataset for
Al-based downscaling and reanalysis-driven forecast systems, enabling the development of advanced machine learning

applications in climate and weather prediction. Future developments may include extending its spatial and temporal coverage,
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validating additional variables, and integrating MORE into multi-sector workflows for risk assessment, adaptation planning,
and early warning systems. Its combination of resolution, physical realism, and multi-variable availability positions MORE as

a pivotal tool for both research and operational applications

Appendix A: Supplementary Figures
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80

ERAS-LAND
”

MERIDA-HRES

909
910  Figure Al: Seasonal means of daily precipitation indices for autumn (SON) over the period 1991-2020, including mean precipitation,

911  precipitation frequency, precipitation intensity, and heavy precipitation (defined as the 99th percentile; Table 2). Results are shown for
912 observational datasets (EOBS & ARCIS), MORE, and the reanalysis datasets listed in Table 1.
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Figure A5: Performance diagram illustrating the average skill scores for daily precipitation over the 1991-2020 period, evaluated for
different reanalysis datasets against ARCIS observations within the ARCIS observational domain. The horizontal axis shows the

Success Ratio (SR), while the vertical axis displays the Probability of Detection (POD). Curved isopleths represent values of the Critical
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Figure A6: Performance diagram displaying the average skill scores for total annual precipitation over the 1991-2020 period,

evaluated for different reanalysis datasets with respect to ARCIS observations within the ARCIS observational domain. The horizontal

axis represents the success ratio (SR), while the vertical axis indicates the probability of detection (POD). Curved isopleths correspond
to critical success index (CSI) values, and dashed diagonal lines denote the bias
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UniMi/ISAC-CNR observations on the MORE grid (left), compared with reanalyses from ERA5-Land, CERRA,
MERIDA HRES, and MORE (four panels on the right). Note: Colorbars differ between winter and summer plots.
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Figure A9: Geopotential height (m) and equivalent potential temperature at 850 hPa, wind vectors at 10 metres, as simulated by MORE
at 06 UTC, 16 May 2023, during the most intense phase of precipitation of the second event.
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