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Abstract. High-resolution convection-permitting models (CPMs) provide vital datasets for studying localized extreme
precipitation and associated multi-hazard risks like landslides and floods. Yet validating CPM datasets against observations
remains a challenge. This study evaluates two sub-daily CPM datasets, VHR-REA_IT and LAM-HIND, against observations
over a 10-year period across two Italian regions: Emilia-Romagna and Campania. Extreme precipitation is defined using the
95th percentile of wet-event intensities across accumulation durations of 1, 2, 4, 12, and 24 hours.

Conventional verification metrics only partially assess dataset performance and hide differences in the temporal organization
of precipitation extremes. Therefore, a new nested time-window framework is presented to better capture the association
between short- and long-duration time window extremes (STWEs and LTWEs, respectively). Observations show that STWEs
and LTWE:s are only partially associated. Depending on region and season, around 7—15% of observed 1-hour STWEs are
embedded within 24-hour LTWEs. CPMs reproduce this cross-timescale organisation substantially better than ERAS, yet are
overestimated, indicating excess temporal persistence of simulated heavy-rainfall. Consequently, LTWEs are more dependable
than STWESs, as CPMs distribute short extreme precipitation bursts into longer durations with persistently higher volumes.
Differences between the CPM datasets are small. LAM-HIND exhibits subtly higher detection and event-overlap scores but a
higher false-alarm rate and stronger cross-timescale coupling overestimation. VHR-REA IT more closely reproduces the
observed temporal association between short- and long-duration extremes. These differences may stem from the ‘double
penalty’ effect, choice of an intermediate nesting strategy, and sensitivity in resolving sub-grid turbulent fluxes. However, they

are both substantially improved over coarse products like ERAS5 for sub-daily extreme precipitation.

1 Introduction

Precipitation is a fundamental driver of the Earth’s water cycle, but precipitation phenomena are intermittent and highly
variable in space (Cavalleri et al., 2024; Schleiss et al., 2011; Sun et al., 2018). The global rise in extreme weather events

includes an increase in extreme precipitation events, causing significant damage to life, infrastructure, and property. For
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instance, in Italy, the damage suffered from extreme events in 2025 amounted to €11.9 billion, which is projected to rise to
€34.2 billion by 2029, with the most frequent events linked to heavy rainfall—causing flooding, landslides, and river overflows
(ANSA English Desk, 2025; Formetta et al., 2024; Il Mattino, 2025).

To understand such extreme precipitation events, stakeholders such as governmental agencies, local municipalities, power
supply grid operators, policymakers, scientists, and infrastructure stakeholders rely on high-quality climate datasets. These
datasets are useful for studying past climate variability and trends, reconstructing specific test cases, and investigating impacts
on resources and damage to life and property (Mazzoglio et al., 2025; Viterbo et al., 2024).

Climate reanalysis products are among the most widely used datasets in the geophysical sciences. They combine past
observations with models to generate consistent time series of multiple climate variables, providing a comprehensive
description of the observed climate as it has evolved during recent decades on 3D grids at sub-daily intervals (Climate
reanalysis, 2026). The assimilation of observational data from multiple local sources helps reproduce past weather and climate
conditions in the most accurate way possible (Cavalleri et al., 2024; Kalnay et al., 1996; Viterbo et al., 2024).

However, global reanalysis products such as ERAS or ERAS5-Land (over land surfaces only) are produced at relatively coarse
spatial resolutions — 31 km and 9 km grid resolutions respectively (ERAS5-Land hourly data from 1950 to present; ERAS hourly
data on single levels from 1940 to present; Hersbach et al., 2020; Muifioz-Sabater et al., 2021; Soci et al., 2024). However, they
are not optimal for determining localized extreme events. For instance, coarse resolution models tend to spatially smooth out
precipitation extremes, and important processes like deep convection or orographically triggered convection that cannot be
resolved at large grid scales have to be parametrized instead, which is a major source of model errors and uncertainty (Ban et
al., 2021; Kendon et al., 2017; Prein et al., 2015; Stocchi et al., 2022). Therefore, stakeholders depend on high-resolution
downscaled products, at less than 4 km resolution, which are often produced by regional research agencies (Cavalleri et al.,
2024).

Downscaling techniques include the use of dynamic downscaling, which produces regional climate model (RCM) data. This
technique generally uses global climate model (GCM) data or global reanalysis like ERAS to force the boundary conditions of
the RCM, combining core primitive equations (governing fluid motion, mass conservation and heat transfer) with surface
characteristics of the region of interest, such as terrain and land-use (What is Statistical and Dynamical downscaling?; Le Roux
et al., 2018). These higher resolutions allow for convection-permitting models (CPMs) (< 4 km), supporting the
characterization of extreme rainfall events, as they simulate a more direct and accurate description of convective processes
rather than relying on parametrized convection used in low-resolution models (Prein et al., 2015).

However, dynamic modelling parameters and equations are a source of uncertainty, which leads to biases in the outputs. Even
in the case of data assimilation coupled with a dynamic model, observational data is sparsely located and prone to uncertainties,
which also cause bias (Prein and Gobiet, 2017). These biases are systematic deviations compared to actual weather conditions,
and are often more pronounced when studying extreme events due to the low probability of their occurrence (Kendon et al.,

2012).
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Studies typically compare the mean annual or seasonal bias between different variables using traditional verification metrics
to assess the quality of a model (Capecchi et al., 2023; Cavalleri et al., 2024). However, fewer studies focus on extreme events,
particularly the bias between model and observation datasets at sub-daily timescales, largely due to the scarcity of data for
these rare but high impact events (Mazzoglio et al., 2025; Trentini et al., 2023). Furthermore, Kendon et al. (2012) have
particularly noted that climate models tend to exhibit excessive rainfall persistence, with insufficient representation of short-
duration high peak intensity events. Yet high-risk, rainfall-induced landslides primarily occur at or within 6 hours of the peak
rainfall intensity, and at or near the geographical location where the rainfall intensity was largest (Roccati et al., 2018). Hardly
any studies are dedicated to evaluating the temporal associations across sub-daily time scales, which are vital for multi-hazard
risk assessment.

Given the advances in high-performance computing offering a performance 250,000 times higher in a span of 20 years (Prein
et al., 2015) and the rise of CPM simulation outputs, this study aims to assess the discrepancies and biases between CPM
datasets, ERAS5 reanalysis, and observations, for extreme precipitation events across the sub-daily scale. The period of study
spans 10 years, from the start of 2014 until the end of 2023, providing a reasonably long period of study and sample size for
analysis. Section 2 presents a description of the methodology used, including the data types and the study areas. Section 3
discusses the results from the comparisons between the precipitation variables.

The two chosen CPM datasets are produced for Italy. Therefore, two regions of Italy, Campania, and Emilia-Romagna, were
selected for evaluation purposes, because their regional monitoring networks provide sufficiently extensive high-frequency
rain-gauge records for sub-daily precipitation validation. But a detailed comparison between the regions of Campania and
Emilia-Romagna is beyond the scope of this study for two primary reasons. First, as will be subsequently discussed in Section
2.2, the observational datasets are managed by two different regional agencies, each applying its own unique data processing
and quality control standards (Bongiovanni et al., 2025; Desiato et al., 2011). Because our study does not standardize or account
for these administrative differences, any direct cross-regional comparison would not be sufficiently thorough. Second, the two
regions are geographically separated by the Apennine Mountain range; Emilia-Romagna lies to the north and east (right) side
of the Apennines, while Campania lies to the south and west (left) side (see Figure 1). Consequently, they feature distinct local
climate zones according to the Koppen Climate Classification (Billi, 2023) with different orographic features, and the study
by Mazzoglio et al. (2025) have noted how orography and land-sea contrasts influence CPM biases. Fully accounting for how
these factors impact model performance would require a dedicated investigation outside the scope of this paper. The inclusion
of these two distinct regions represented by distinct climatic and orographic settings on opposite sides of the Apennines allows
the performance of the CPM datasets to be evaluated across contrasting Italian environments, without implying a direct

comparison between the two regions.
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2 Data and Methods
2.1 Model data

For this study, three different models were considered: the global ERAS reanalysis and two high-resolution CPM products.
The ERAS reanalysis is not the primary focus of this study for reasons given in Section 1. However, it is included, first because
it drives the initial and boundary conditions for the high-resolution CPMs that are the focus of this study, and second because
it highlights the added value of the CPM products over ERAS.

ERAS reanalysis, released by the European Centre for Medium-Range Weather Forecasts (ECMWF), represents the most
recent and thus most reliable baseline for investigating past climate patterns (Hersbach et al., 2020). It provides a detailed
hourly historical record of global weather, soil, and ocean conditions from 1950 to the present, at a resolution of 0.25° (=31
km) (Hersbach et al., 2020; Loprieno et al., 2026).

The two high-resolution CPM data considered are the Very High-Resolution Dynamical Downscaling of ERA5 Reanalysis over
Italy (VHR-REA _1IT) (Raffa et al., 2021b; Reder et al., 2022) and the LaMMA produced Atmospheric Hindcast Data (LAM-
HIND) (Capecchi et al., 2023).

The downscaled data for VHR-REA IT was generated by the Fondazione Centro Euro-Mediterraneo sui Cambiamenti

Climatici (CMCC Foundation) (https://www.cmcc.it/), one-way nested using the ERAS reanalysis as forcing conditions, with
a horizontal grid spacing of 0.02° (=2.2 km), over the domain covering the Italian peninsula (Lon = 5° W-20° E; Lat = 5° N-
48° N) for the period from January 1981 to December 2024. This data is available to download for free from the CMCC Data
Delivery System (https://dds.cmcc.it/). The regional COSMO-CLM model was used with the TERRA-URB module to account

for urban parametrizations (Raffa et al., 2021b).

LAM-HIND is an atmospheric hindcast for the period 1979-2019 developed by the Laboratorio di Monitoraggio e
Modellistica Ambientale (LaMMA) (https://www.lamma.toscana.it/), built using a two-step nesting process — the intermediate
BOlogna Limited Area Model (BOLAM) is driven by ERAS reanalysis data, which then further drives MOdello LOCale in
Hybrid coordinates (MOLOCH) to achieve the high resolution LAM-HIND downscaled data (Capecchi et al., 2023). BOLAM
is a primitive equations hydrostatic model with a horizontal grid spacing of 0.07° (=7.8 km), and convection parameterized
using a modification of the Kain—Fritsch convective parameterization. MOLOCH is a non-hydrostatic, fully compressible
model with a horizontal grid spacing of 0.0247° (=2.7 km), in which the microphysical scheme is an upgrade of the
parameterization proposed by Drofa and Malguzzi (Capecchi et al., 2023; Drofa and Malguzzi, 2004; Kain, 2004).

Neither of these two data products assimilates local data, and both have been evaluated in previous studies for different
variables and performance metrics; thus, the reader is recommended to refer to those studies as well (Capecchi et al., 2023;

Cavalleri et al., 2024; Crespi et al., 2024; Giordani et al., 2026; Manco et al., 2025; Mazzoglio et al., 2025; Raffa et al., 2021b).
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2.2 Observation data

The observational precipitation data for this study was obtained from regional networks operating within the Italian national
territory: the high-frequency rain-gauge network of the ‘Agenzia Prevenzione Ambiente Energia Emilia-Romagna’ (ARPAE)
in Emilia-Romagna and the ‘Centro Funzionale Multirischi della Protezione Civile Regione Campania’ in Campania.

Quality checks of these stations were adapted using procedures similar to those given in previous studies (Bonanno et al.,
2019; Cavalleri et al., 2024). Stations with missing long-term data (longer than 10 days) and rainfall exceeding 500 mm/day
were excluded from the study. Occasionally, a weather station would lack data for a few days due to routine maintenance,
which is generally required to be carried out every three to four months to clean accumulated dirt and debris from the funnel
and buckets, as well as to ensure that the gauge is level (World Meteorological Organization - WMO, 2008). During these
periods — considered up to a maximum of ten consecutive days — days with missing values were conservatively masked out
and excluded from both the observational and the model datasets, adhering to maintenance guidelines while maintaining the
high quality of the long-term datasets. Precipitation data associated with temperatures lower than 2°C was not included to
mitigate any under-catch caused by snow. From an initial pool of 187 and 382 unique weather stations in Campania and Emilia-
Romagna respectively, the quality checks left 140 and 89 stations respectively for the 10-year study period (Figure 1).
Additionally, post the quality check, most of the stations are located within or near the Apennines, which is beneficial for the

analysis (Figure 1).

Emilia-Romagna Campania
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Figure 1 Location of weather stations for Emilia-Romagna (left) and Campania (right) post quality checks. The base map was
designed and developed by Esri|Powered by Esri. For more information about this base map, visit
https://services.arcgisonline.com/ArcGIS/rest/services/World Shaded Relief/MapServer (last access: 29 July 2026).

2.3 Comparison of models against observation

Given that different reanalyses depend on different models and conditions, the goal is to determine how well the models and

observations share common characteristics and coincide in time for extreme precipitation. Furthermore, this paper intends to
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analyse how these discrepancies align at sub-daily temporal resolutions. The hourly timescale was chosen as the smallest
common temporal resolution between the reanalysis models and the observational data.

The hourly precipitation data from each of the datasets was extracted based on the geospatial locations of the weather stations.
To extract these values, a bilinear interpolation was applied between the cell centres of the 2x2 grids surrounding each
observational data point. This approach ensures a smoother transition between precipitation values at neighbouring grid points
compared to a nearest-neighbour interpolation, and it is a standard method adopted by several recent studies (Cavalleri et al.,
2024; Giordani et al., 2026; Viterbo et al., 2024). No subsequent spatial transformations or scale-decompositions were applied
to the data. This treatment aligns with ERAS guidelines suggesting that gridded reanalysis outputs can be viewed as
representing point values at regular intervals (ERAS: What is the spatial reference). However, comparing point-like station
data with gridded datasets requires acknowledging the critical distinction between grid spacing and actual model resolution
(Cavalleri et al., 2024; Lewis D Grasso, 2000). The length scales at which an atmospheric model truly resolves physical features
— also known as its ‘effective resolution’ — is typically estimated to be at least four times (4Ax) its grid spacing, a factor that is
often unknown by users and producers of the model (Cavalleri et al., 2024). In this study, the two high-resolution datasets
feature highly comparable horizontal grid spacings: 2.2 km for VHR-REA IT and 2.7 km for LAM-HIND. Consequently,
their respective ‘effective resolutions’ (not the actual grid spacing) are estimated to differ by roughly 2.2 km (4Ax). While not
a direct explanation for the observed variations between the two products, this effective resolution gap represents one possible
factor to consider when interpreting how localized, extreme convective events are characterized at these sub-grid scales.
Additionally, most of the comparisons between the datasets draw on the top 95th percentile of the rainfall data over the entire
10-year study period for each station location, considering only wet hours (rainfall values above 0 mm). This allows for a
direct comparison of the occurrence probability of extreme weather events between gridded datasets and station observations,
assessing their reliability at the sub-daily scale, without the confounding issues of comparing absolute magnitude values.
While the 95% percentile is usually classified as a ‘heavy’ rather an ‘extreme’ precipitation event in some climatological studies
(Fumiéere et al., 2020), designating it an ‘extreme’ event in the context of this study is justified. For instance, sub-daily heavy
rainfall can also trigger severe landslides, as they are driven by mesoscale convective systems, squall lines and tropical
cyclones (Prein et al., 2015). As noted by Aleotti (2004), the influence of rainfall on landslides differs substantially depending
on landslide dimensions, kinematics, material involved, antecedent rainfall, etc., and there can be no critical rainfall threshold
applicable to such events. Given this variability, selecting the 95" percentile serves as a robust alternative to a scarcer threshold
like the 99'" percentile. By including a larger number of such precipitation data points, this choice inherently ensures a sufficient
sample size yielding more statistically robust findings, while accounting for the variability in precipitation that also leads to
extreme events like landslides.

The sub-daily precipitation data is cumulatively clustered into five time-windows (TWs): 1-hour, 2-hour, 4-hour, 12-hour, and
24-hour. Because of the temporal resolution of the reanalysis outputs, only timescales equal to or longer than 1 hour have been

considered. The filtered ‘extreme’ events vary with the selected TW, as the 95 percentile threshold is applied for each TW
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and to each weather station. This clustering enables the comparison of extreme events between the different TWs for each
dataset and the observation data.

The analysis will first compare the modelled datasets with the observations using performance metrics described in Section
2.4, while further on a novel comparison framework is introduced for comparing extreme events at the sub-daily timescale, by

relating extreme events between the sub-daily time windows.

2.4 Performance metrics

Several performance metrics and indices were applied to quantitatively assess the outputs of the models against the
observations across the 1-hour to 24-hour time windows. The selected verification metrics follow commonly adopted
approaches in the literature for the evaluation of precipitation simulations (Capecchi et al., 2023; Roebber, 2009), and provide
complementary information on different aspects of model performance — including correlation, error magnitude, event
detection, false alarms and temporal consistency.

Standard verification statistics include the Pearson Correlation Coefficient (7) calculated for the whole range of data, alongside
root mean squared error (RMSE) (in mm of rainfall), normalized root mean squared error (NRMSE), and normalized mean
error (NME) calculated specifically for the extremes in the data range (Capecchi et al., 2023). Given that the observations
consist of sparse data points, a traditional neighbourhood-based spatial fractional skill score (£SS) could not be applied
(Capecchi et al., 2023). Instead, a temporal fractional skill score (z-FSS) has been employed, following the study by Duc, Saito,
& Seko (2013). This version utilises a temporal neighbourhood window for each station location to calculate the skill score,
rather than a spatial window. This serves to evaluate whether the model performs adequately within a few time windows before
and after an observed precipitation event is recorded.

Additionally, performance metrics adapted from Roebber (2009) include the probability of detection (POD), success ratio
(SR), and critical success index (CSI) calculated for the extremes in the data range. Details on how these verification statistics

and performance indices are calculated are provided by Capecchi et al. (2023).

3 Results and Discussions
3.1 Time Profiles and Model Skill

We begin by investigating the monthly aggregated profiles, before moving towards the analysis of the two datasets at the sub-
daily timescale emphasised by verification metrics and complementary event overlap statistics. Together, these analyses
provide information on both the detection skill and temporal consistency of the two CPM datasets across different aggregation

windows.
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Figure 2 Monthly rainfall timeseries profiles of each model for Emilia-Romagna (top panel) and Campania (bottom panel) across
the 10-year study period (2014-2023). The y-axis represents the total monthly rainfall (averaged across all stations), and the x-axis
indicates the month/year. Pearson correlation coefficients (r) computed against the weather station observations are provided in the
legend for each model.
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Figure 3 Station-averaged low-pass hourly precipitation profiles for Emilia-Romagna (top panel) and Campania (bottom panel)
across the 10-year study period (2014-2023). The y-axis represents the smoothed hourly rainfall rate (mm/hr) computed using a 30-
day (720-hour) centred rolling window, and the x-axis indicates the timeline (month/year). Pearson correlation coefficients (r)
computed against the weather station observations are provided in the legend for each model.

Figure 2 conveys that at the monthly timescale, both CPM datasets demonstrate comparable cumulative variations with the
differences between the two being relatively small, while ERAS5 also reproduces the observed temporal variability remarkably
well. This indicates that the added value of CPM datasets is not primarily expressed at monthly timescales, but rather emerges
at finer temporal resolutions, providing a strong motivation for the analyses that follow.

The lower Pearson correlation coefficients observed for the low pass filtered profiles in Figure 3 reveal that the models
temporally cluster rainfall differently, even if the cumulative values over the month converge as shown in Figure 2.
Specifically, the hourly low-pass profiles in Figure 3 tend to be systematically elevated over the study period compared to the
observed values. This indicates that while an observed extreme short-duration convective event tends to get diluted over a
rolling average window, the models tend to distribute these extreme events into persistent, high-volume blocks of rainfall. The
models thus perform better for longer cumulative precipitation periods compared to shorter ones, which provides useful context

for further interpretations discussed further in Section 3.2.
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Time Window r NME |RMSE (mm)| NRMSE POD CSI SR t-FSS
Ideal Score 1 0 0 0 1 1 1 1
I-hour 0.407| -0.783 8.745 1.003 0.463 0.106 0.121 0.313
2-hour 0.476| -0.723 12.475 0.907 0.512 0.135 0.155 0.382
3 4-hour 0.563| -0.638 17.011 0.808 0.578 0.175 0.201 0.444
= 12-hour 0.687 | -0.490 25.257 0.659 0.688 0.255 0.288 0.520
24-hour 0.740 | -0.417 31.854 0.588 0.686 0.309 0.359 0.582
1-hour 0.267 | -0.754 9.039 1.041 0.201 0.093 0.145 0.385
5 2-hour 0.343 | -0.686 12.964 0.950 0.251 0.123 0.192 0.448
E 4-hour 0.434| -0.599 17.813 0.859 0.311 0.162 0.249 0.493
% 12-hour 0.585| -0.447 26.344 0.710 0.427 0.244 0.360 0.544
> 24-hour 0.654| -0.393 32.819 0.635 0.471 0.285 0.416 0.571
1-hour 0.258 | -0.751 8.954 1.033 0.289 0.094 0.121 0.381
% 2-hour 0.340| -0.682 12.725 0.934 0.348 0.124 0.160 0.447
=
T |4-hour 0.442 | -0.596 17.191 0.831 0.416 0.164 0.210 0.490
% 12-hour 0.607 | -0.443 24.599 0.668 0.532 0.248 0.314 0.536
24-hour 0.677 | -0.377 30.334 0.593 0.560 0.288 0.367 0.560

230 Table 1 Model skill of extreme precipitation events for both models, evaluated for Emilia-Romagna. Bold cells indicate the better
result between the two CPM datasets, while ERAS is separately marked in italics.

10
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Time Window r NME |RMSE (mm)| NRMSE POD CSI SR t-FSS
Ideal Score 1 0 0 0 1 1 1 1
I-hour 0.379 | -0.830 10.924 1.048 0.402 0.086 0.098 0.267
2-hour 0.457| -0.763 14.749 0.957 0.455 0.117 0.136 0.342
3 4-hour 0.556 | -0.672 19.032 0.855 0.532 0.162 0.188 0.404
= 12-hour 0.692| -0.524 26.346 0.696 0.626 0.235 0.271 0.481
24-hour 0.755| -0.428 31.165 0.599 0.657 0.295 0.347 0.562
1-hour 0.205| -0.839 11.389 1.092 0.124 0.059 0.102 0.319
5 2-hour 0.278 | -0.775 15.624 1.014 0.165 0.085 0.147 0.368
E 4-hour 0.379| -0.686 20.637 0.928 0.226 0.123 0.211 0.398
% 12-hour 0.527| -0.595 29.941 0.794 0.296 0.169 0.280 0.422
> 24-hour 0.596 | -0.532 37.455 0.724 0.346 0.207 0.335 0.468
1-hour 0.230| -0.801 11.181 1.073 0.219 0.072 0.097 0.339
% 2-hour 0.316| -0.723 15.232 0.991 0.286 0.104 0.140 0.399
=
T |4-hour 0.427 | -0.630 19.827 0.895 0.364 0.146 0.195 0.442
% 12-hour 0.584 | -0.504 27.854 0.744 0.460 0.212 0.280 0.492
24-hour 0.657 | -0.450 33.802 0.659 0.495 0.248 0.330 0.544

Table 2 Model skill of extreme precipitation events for both models, evaluated for Campania. Bold cells indicate the better result
between the two CPM datasets, while ERAS is separately marked in italics.
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Figure 4 Temporal Fractional Skill Score (t-FSS) as a function of the precipitation threshold for the 1-hour time window. The
neighbourhood length is +3 hours, therefore using a 7-hour rolling window.

From the performance of the CPM datasets shows by the skill scores in Table 1 and Table 2, LAM-HIND scores slightly better
across most performance metrics, while VHR-REA IT maintains a higher Success Ratio (SR). This suggests that LAM-
HIND's skill is accompanied by a higher frequency of false alarms, with a tendency to over-forecast 95th-percentile extreme
events. One potential hypothesis could be the model configuration, LAM-HIND dataset may have been triggered by more
aggressive convection, yielding a higher POD, but also generating false storms that lower the SR (Capecchi et al., 2023).
Another factor may be the grid size — the larger grid cells in LAM-HIND (2.7 km) might ensure a better hit with point-to-point
metrics at weather station locations, but they also tend to cover nearby areas where no rain was present, leading to a lower SR
in a spatial validation context.

However, the scores from Table 1 and Table 2 provide only a narrow picture, as noted from the scores for the ERAS dataset;
by demonstrating skill scores on par with the CPM datasets (and in some cases much better), it is more indicative of the fact
that these metrics do not clearly justify the value of CPM modelling, and other methods would be more suited for this purpose.
For instance, from Table 1 and Table 2, for Emilia-Romagna the VHR-REA_IT model reveals t-FSS scores on par with LAM-
HIND, while for Campania, LAM-HIND t-FSS scores only slightly better. On closer investigation of the hourly t-FSS plotted
against precipitation thresholds shown in Figure 4, the scores even-out at high precipitation thresholds (>30 mm/1h) for both
regions. Therefore, both CPM datasets behave similarly across moderate-to-high precipitation thresholds, despite the
difference in their grid size and model configuration. Most notably, however, both CPM datasets remain clearly separate from
ERAS. This suggests the principal added value arising from convection-permitting modelling itself compared to the low
resolution ERAS dataset, whereas the differences between the two CPM datasets are comparatively small and become

negligible at higher precipitation thresholds.
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It could be argued that the negligible advantage of LAM-HIND over VHR-REA IT for most of the skill scores shown in Table
1 and Table 2 may relate to the dynamics of regional model nesting hierarchies. As explored in previous studies, a large
resolution jump in a single-nesting configuration — as used in the VHR-REA IT model, which features a 1:14 jump from the
31 km ERAS grid spacing forcing a 2.2 km grid model — can result in an underestimation of small-scale transient-eddy
amplitudes, also known as the spatial spin-up issue (Lucas-Picher et al., 2021; Matte et al., 2016). This occurs when the domain
is too small to allow for the full development of small scales for a given resolution jump between the driving lateral boundary
conditions (LBCs) and the RCM grid mesh. Thus, LAM-HIND's double-nesting hierarchy (ERAS -> BOLAM -> LAM-HIND)
could minimize the spatial spin-up constraint, allowing small-scale convective eddies to fully recover their physical amplitudes
over the study domain. In fact, for VHR-REA IT, the study by Raffa et al. (Raffa et al., 2021a) noted that while the direct
one-step nesting showed better performance compared to a two-step nesting for total precipitation amount, the two-step nesting
strategy showed better results for extreme precipitation above the 95th percentile of wet days. While it is not necessarily the
case that a direct one-step nesting strategy deteriorates the overall quality of the model (Marsigli et al., 2014; Raffa et al.,
2021a), this may shed light on the fact that an intermediate nesting stage used in producing the LAM-HIND dataset, may play
arole in the representation of precipitation extremes.

The intermediate nesting strategy comes with the drawback that it weakens the strict boundary control exerted by the driving
reanalysis model, as it relies on boundary conditions generated by the intermediate-level model codes. In this case, BOLAM
is run using a primitive equation hydrostatic model at an intermediate grid spacing of 7.8 km (Capecchi et al., 2023), which
operates at the entry point of the convective ‘grey zone’ (Jeevanjee, 2017). In this region, hydrostatic solvers tend to
overestimate vertical velocities (Jeevanjee, 2017), which can amplify vertical parcel transport and generate more active
moisture convergence. When these higher-energy fields are subsequently passed on as lateral boundary conditions to the finer
non-hydrostatic MOLOCH mode producing the LAM-HIND dataset, they may increase the probability of extreme convective
precipitation, thus explaining the slightly higher skill scores of the LAM-HIND model. However, this is only a complementary
hypothesis, and further studies are needed to assess the contribution of this phenomenon in isolation, in context with extreme

precipitation events.
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Figure 5 Model to observation overlap ratio for the 95" percentile extreme rainfall events for Emilia-Romagna.

14



285

https://doi.org/10.5194/egusphere-2026-4515

Preprint. Discussion started: 30 July 2026 EG U h .

© Author(s) 2026. CC BY 4.0 License. spnere
Preprint repository

ERA5
1.0 Time Window |
! —— 1 hour
Q. :
© 08 : —s— 2 hour |
—_ H
[ j by
8 :; ‘ ‘1 “\ h h —— 4 hour
o 0.67 s N ‘ A RR S8 = —— 12 hour |
° At EAVAY ,Q ; VAR > A < 24 hour
2 i ! y N Howy
&, LAY
P ATRIVEN
E 1
[ ]
0.2 ;
0.0 ;
VHR-REA_IT
1.0
o i
© 0.8 :
i H
@ i
3 s
50.6- 4
c ;\
(=}
40.0.4- 4 ?V\ i 5* \
o + } n RO H i
[ 1\{ AV n' | 'A X
0.2 1 pe ‘,M‘: o/ dhA
o ‘i " :
LAM-HIND
1.0
a |
© 0.8 ]
= ‘ :
A
“50'6 o e : A "4 [ : |
AN : ULV A J i oA
g .H N A [ A " ‘ A o f1A P 5
80'4 P RyeeLLy ' AR, :E: ,Z ¥ i AR " i AR
[ b :‘f' J I’X : i ¥ | WY 1‘ ‘! 1 i ¥ "l -‘ n" q 4 -
AL AR \ A
0.2 VN i divi | ol A IV
00 s o ga0 0 8 2 eogzzes:
i ; : T = < s
ISt § gael B2 oE 5 IE A 32 S i3
s © ° 3 28 3 H ER gz

Weather Station

Figure 6 Model to observation overlap ratio for the 95% percentile extreme rainfall events for Campania.

The comparative results from Figure 5 and Figure 6 indicate that LAM-HIND has a slightly higher aggregated overlap ratio
of extreme events with the observations compared to VHR-REA IT. However, this finding is only a generic observation of
the overall trend and is not uniform across all geographical locations. For instance, in the multi-model comparison shown in

Figure 5 for Emilia-Romagna, weather stations such as Monghidoro, Neviano Arduini, Pavullo, or Ponte Verucchio show an
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increased fraction of overlap for the 24-hour TW under VHR-REA IT rather than LAM-HIND. This indicates that local
forcing or specific storm tracks may be better captured by different high-resolution model architectures depending on the sub-
regional context.

As indicated earlier, a possible hypothesis for the increased overlap ratios for certain datasets may be due to its larger grid size,
given that fine-grid datasets would face the ‘double-penalty’ effect (Cavalleri et al., 2024; Jermey and Renshaw, 2016). For
instance, although ERAS5 indicates the highest overlap ratio in Figure 5 and Figure 6 (as well as some of the highest skill scores
in Table 1 and Table 2), this is an imprecise representation of precipitation at a specific point, and the results must be interpreted
with caution. The ERAS5 reanalysis relies on convection parameterization and distributes precipitation over relatively coarse
~31 km grid spaces, masking local-scale intensity peaks and homogenizing the rainfall distribution. Thus, the high overlap
values in ERAS are an artifact of its coarse horizontal resolution. By aggregating rainfall over broad boundaries, ERAS gives
the illusion of being precise but realistically avoids the penalties typically associated with high-resolution downscaled models,
which are strictly penalized for minor spatial displacements or intensity mismatches when evaluated against point-to-point
metrics (Ebert, 2008; Skok and Roberts, 2016; Taszarek et al., 2021).

Similarly, even though the difference in horizontal resolution between VHR-REA IT (2.2 km) and LAM-HIND (2.7 km) is
marginal, the difference in ‘effective resolution’ is higher (see Section 2.3). Therefore, the slightly higher overlap ratio
observed for LAM-HIND may be attributed to the paradox observed with the ERAS data above. Models with a slightly lower
effective resolution or smoother spatial fields often exhibit higher point-to-point overlap ratios by reducing sensitivity to fine-
scale spatial displacement errors, and this may therefore not be indicative of superior model performance, as partially evidenced
from the t-FSS scores shown in Figure 4. Consequently, as noted by Skok & Roberts (2016) the choice of the reanalysis domain
size for rainfall verification should consider typical spatial errors of the model and differences in the model code.

An important observation emerging from Figure 5 and Figure 6 is the systematic increase in overlap ratios, also complemented
with the increasing skills scores, with increasing time-aggregation windows. The comparisons between models and
observations show a limited consensus on the timing of extreme events, particularly if short (hourly) timescales are considered.
Smaller TWs typically have a lower overlap fraction, while larger TWs show higher fraction ratios. Only in rare cases does a
smaller TW have a higher fraction than that of a larger TW. For instance, in Figure 5 for the VHR-REA IT dataset, stations
such as Ponte Cavola, Riola di Labante, and Varano Marchesi show a higher fraction overlap for the 12-hour TW compared
to the 24-hour TW, while stations such as Casteldelci and Secondo Salto show a higher overlap for the 2-hour TW compared
to the 4-hour TW. The typical decreasing consensus with decreasing timescales may be an effect of the ‘double penalty’ effect
(described earlier) when applied temporally, since a larger TW aggregating rainfall over larger time boundaries could give the
illusion of being more precise. Notably, however, the skill of a CPM dataset is temporally scale-dependent and should be
carefully considered for evaluation.

Some stations simultaneously observe higher or lower ratio across all models. In Figure 5 for Emilia-Romagna, stations like
Casalporino, Civago, Febbio, Lago Paduli, Ospitaletto, and Pievepelago show a high fraction of overlap, while stations like

Cattolica, Farini, Guagnino, Musiara Superiore, and Pontelagoscuro show a low fraction of overlap simultaneously for all
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models. Given that both CPMs run on different architectures while being forced by ERAS, the persistence of ERAS boundary
conditions provide a reasonable justification for this pattern. Large-scale atmospheric energy and moisture that are injected by
ERAS at the boundaries would dominate the energy cascade driven by the numerical architecture of the model, thus overriding
variations in how CPM datasets resolve sub-grid turbulent fluxes (A. Leonard, 1975; Prein et al., 2015). This highlights that
the models have an acute sensitivity to the accuracy of the forcing conditions and is a limiting factor in areas demonstrating a

low fraction of overlap.

3.2 Intercomparison and relationality of sub-daily precipitation windows within half-year periods (April-September
and October-March)

The traditional verification metrics used in the previous section reveal clear limitations when evaluating CPM datasets to
coarse resolution dataset like ERAS. In particular, standard metrics struggle to capture the temporal organization of
precipitation extremes and its inherent scale dependence. To address this, this section introduces an analytical framework that
complements that of traditional verification metrics. Specifically, a nested time-window analysis is carried out to understand
how the downscaled datasets relate extreme precipitation events between time windows at the sub-daily scale. These time
windows are clustered as 1-hour, 2-hour, 4-hour, 12-hour, and 24-hours.

The analysis is shown separately for two periods: the first period covers April to September, and the second period covers
October to March These intervals correspond to the summer and winter halves of the year, consistent with the Koppen-Geiger
climate classification for Mediterranean regimes (Mediterranean climate, 2026). This seasonal division is physically robust
from a hydrogeological perspective: the April-September (summer) period is characterized by lower rainfall volumes that
primarily generate surface runoff due to dry antecedent soil conditions. Conversely, the October — March (winter) period
exhibits higher precipitation amounts that vary considerably by duration, intensity, and cumulative totals (Aleotti, 2004),
causing river flooding and leaving the soil profile saturated, unstable, and prone to landslides (Kotsias et al., 2021, 2023;

Lombardo and Bitting, 2024; Roccati et al., 2018; The CLIMSAVE Project, 2013).
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Figure 7 Graphs showing the fraction of extreme to total events (y-axis) in a STW (see legend) that occur within a LTW extreme
event (x-axis) for Emilia-Romagna.
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Figure 8 Graphs showing the fraction of extreme to total events (y-axis) in a STW (see legend) that occur within a LTW extreme
event (x-axis) for Campania.

For the analysis of the inter-scale temporal links, Figure 7 and Figure 8 illustrate the fraction of extreme events recorded for
various Short-Time Windows (STWs) nested within each corresponding Large-Time Window (LTW). For each dataset,
precipitation values exceeding the 95th percentile are defined as ‘extremes’ as previously discussed. The overlap fraction is
calculated by identifying the number of extreme STW records (e.g., 4-hour) occurring within the duration of an extreme LTW
(e.g., 24-hour). Consequently, Figure 7 and Figure 8 display the LTWs along the x-axis, while the y-axis represents the fraction
of nested extreme events. The specific STWs are distinguished by line colour, as indicated in the legend. The thin dotted lines

indicate individual stations, while the thick lines indicate the spatial average across all stations.
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360 The CPM datasets reproduce the temporal organization of sub-daily extremes much more realistically than ERAS, although
they tend to slightly overestimate the temporal linkages between short and long duration events relative to the observations. In

contrast, ERAS5 fractions are substantially higher than the observed baseline.
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Figure 9 and Figure 10 explore a more detailed view of the data presented in Figure 7 and Figure 8, focusing specifically on
the inter-scale temporal coupling of the 1-hour STW extreme (STWE) fractions nested within each LTW extreme (LTWE).
The thick dashed line denotes the observational baseline median, serving as a reference to quantify the systematic offset of the
simulated distributions.

The observations show that extremes at different accumulation times are only partially nested. A short-duration extreme is
often not embedded within an extreme accumulated over 12 or 24 hours. The conditional fraction is well below one, and
generally decreases as the separation between the short and long accumulation windows increases. Figure 7 to Figure 10
therefore show that STWEs and LTWE:s are related, but they are not simply different representations of the same events. This
also has an important physical and practical implication: many short-duration extremes are concentrated and relatively isolated
rainfall bursts, whereas long-duration extremes more often correspond to sustained or repeated precipitation.

This evaluation framework also adds a second important result. The CPMs reproduce STWEs and LTWEs reasonably well
when the different accumulation windows are assessed separately, and they represent their conditional association much more
realistically than ERAS. However, they still overestimate this association relative to the observations: STWEs are too
frequently embedded within the LTWE; another way to put it is that LTWESs are systematically more dependent on short-term
convective bursts than what is physically observed. This indicates excessive temporal continuity in simulated heavy-rainfall
episodes, a bias that is not apparent from conventional verification metrics applied separately to each duration.

A possible explanation of this temporal persistence bias may be commonly observed in the CPMs, where the simulated decay
of convective cells is slower than natural systems, leading to an over-representation of extreme sub-daily events in the models
(Kendon et al., 2012). Alternatively, this could highlight the representativeness problem, as local-scale spatial variability is
not fully captured by grid-scale variability, misrepresenting the exact location, size, or intensity of a thunderstorm (Volosciuk
et al., 2017; Zwiers et al., 2013). The spatial variance is inflated, leading to an overestimation of spatial extremes (Volosciuk
etal., 2017).

It is also observed from Figure 9 and Figure 10 that the interlinked temporal fractions for VHR-REA_IT are more closely
aligned with the observations (the median line) than those for LAM-HIND. For instance, the VHR-REA IT 1-hour STW
shows a closer fraction match with the 12-hour and 24-hour LTWs than LAM-HIND. Consequently, while LAM-HIND
demonstrates slightly better skill in capturing absolute spatial point-to-point overlap with observations (as discussed for Figure
5 and Figure 6), it displays lower fidelity in reproducing the internal temporal dependencies between nested sub-daily extreme
windows (as seen in Figure 9 and Figure 10).

The structural differences between the CPMs mentioned earlier, such as effective resolution, model physics, nesting strategies,
etc, may all be considered as plausible contributing mechanisms for why the LAM-HIND dataset is slightly better than VHR-
REA _IT at capturing the magnitude and frequency of extremes. However, its overestimation of the inter-temporal link ratios
implies that it also generates a greater number of false alarms. Therefore, studies isolating these different contributions would

be helpful.
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The results suggest that while high-resolution models characterize the magnitudes of extremes well, they still suffer from an
overestimation of the temporal continuity of extreme events at the sub-daily scale, resulting from the model’s tendency to
distribute these events over persistent, high-volume blocks of rainfall (Figure 3). ERAS, on the other hand, shows the weakest
performance regarding temporal continuity, significantly exaggerating the influence of STWEs on LTWEs. While traditional
model skill scores are effective for assessing the general performance of all datasets, they do not provide a complete
representation of how sub-daily time windows relate to one another for high-resolution CPM products, which is a critical factor
in determining dataset fidelity. The STW-to-LTW nested framework presented in this section offers an additional diagnostic

tool for validating high-resolution precipitation datasets.

4 Conclusions

High-resolution modelled data are an essential tool for evaluating precipitation extremes, which serve as critical indicators for
multi-hazard risk assessments, including floods and landslides. These datasets are particularly valuable for mitigating risks to
life and property in regions characterized by a low density of in-situ rain gauges (Formetta et al., 2024). This study evaluated
the quality of two high-resolution downscaled datasets over Italy, for the sub-daily precipitation extremes defined by the 95th
percentile of wet events. The two datasets are the VHR-REA IT (Very High-Resolution REAnalysis for Italy), developed by
CMCC and resolved to a 2.2 km spatial grid using the COSMO-CLM Regional Climate Model (RCM), and LAM-HIND
(LaMMA produced Atmospheric Hindcast Data), developed by LaMMA and resolved to a 2.7 km grid. The evaluation was
performed against a 10-year observational baseline (January 1, 2014, to December 31, 2023) obtained from the high-frequency
rain gauge networks of the ‘Agenzia Prevenzione Ambiente Energia Emilia-Romagna’ (ARPAE) and the ‘Centro Funzionale
Multirischi della Protezione Civile Regione Campania’. The results reveal a clear and substantial added value in utilizing these
convection permitting datasets over standard coarse global products like ERAS at the sub-daily scale, which typically smooth
out localized, high-intensity atmospheric features.

The analysis finds that coarse global reanalysis like ERAS, despite good skill scores using traditional verification metrics,
struggle to capture the rapid, sub-daily transitions of heavy rain from one time window to the next. To address these
complexities, the introduction of the nested time-window framework provides a strong diagnostic overview of the dataset
performance, successfully capturing the persistence biases between STWEs and LTWEs. It shows that only a limited fraction
of observed STWE:s is embedded within LTWEs. CPMs reproduce this cross-timescale organization substantially better than
ERAS, but still overestimate the association, indicating excessive temporal persistence of simulated heavy-rainfall episodes.
This behaviour is largely hidden by conventional verification metrics. Furthermore, the CPM datasets show a limited consensus
regarding the exact spatial and temporal placement of sub-daily extreme events, more particularly for shorter than for longer
accumulation windows. Therefore, the skill of the CPMs is temporally scale-dependent and yields more accuracy when longer
time windows are considered, due to the tendency of the model to distribute short extreme convective events into persistent,

high-volume chunks of rainfall spread out over longer durations. By offering a deeper insight into the simulated convective
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life cycles, the novelty of this framework extends beyond the comparisons between the two CPM datasets and could provide
a valuable complementary diagnostic for future validation studies of high-resolution datasets.

Between the two CPM datasets, the study found that the LAM-HIND dataset (2.7 km) yields a higher fraction of event overlap,
as well as marginally better skill metrics in detecting the occurrence and magnitude of extremes as evidenced by higher
Probability of Detection (POD) and Critical Success Index (CSI) scores. Conversely, this elevated detection capability
introduces a higher false alarm rate and a lower Success Ratio (SR) compared to the more conservative VHR-REA IT
configuration (2.2 km). So, while VHR-REA IT may miss more extreme events, its slightly higher SR and closer alignment
with observed inter-scale temporal fractions represent a more physically consistent rainfall life cycle. However, for evaluating
specific hazard and risk factors of precipitation, the choice of the CPM dataset should consider potential inherent structural
differences. Micro-scale spatial displacement caused by minor differences in the resolution may still be penalized by the
‘double penalty’ effect. Meanwhile a multi-stage dynamical downscaling technique using an intermediate hydrostatic nest may
potentially optimize the final non-hydrostatic CPM output in the case of extreme precipitation. Furthermore, CPM datasets
appear to show an acute sensitivity to the boundary conditions employed and may be an indication of unresolved energy
cascades in the CPM architecture. Consequently, both CPM datasets can be utilized synergistically to address distinct research
questions, as the differences are subtle depending on the verification metrics considered and are mainly contrasted by the

performance enhancements achieved when moving away from coarse global model products
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