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Abstract Long-term, high-resolution precipitation datasets are indispensable for understanding hydroclimatic variability
and supporting water-resource and climate-impact studies. Yet, the reconstruction of spatially consistent rainfall fields
over extended historical periods remains a major challenge, particularly in data-sparse Mediterranean regions
10 characterized by complex terrain and pronounced precipitation heterogeneity. This study introduces the first long-term,
high-resolution gridded precipitation dataset for Sicily, delivering a continuous historical reconstruction since 1951 from
sparse gauge observations through a novel two-phase, doubly conditional spatial interpolation framework. Calibration
was performed on a dense modern network of automated rain gauges; a Transfer-Informed Modelling strategy, whereby
all geostatistical parameters calibrated on this high-density contemporary period are transferred without modification to
15 epochs of substantially lower network density, ensures temporal coherence across the full historical record. A merged
archive of historical stations was assembled from two independent networks following rigorous homogeneity assessment
of inter-network spatial coherence prior to reconstruction. Three principal methodological innovations distinguish the
framework: (i) a double classification of daily events by intermittency and magnitude into distinct hydrometeorological
regimes having unique spatial correlation structures; (ii) a comparison of regime-specific intensity-modelling paradigms
20  based on geostatistics or regression; and (iii) a contrast of binary masking against probabilistic hurdle-weighting for
occurrence-conditional intensity. Leave-one-out cross-validation demonstrated high rainfall detection capability across
all intermittency classes and established the consistent superiority of the geostatistical framework over its regression-
kriging counterpart across all hydrometeorological regimes. The superior optimal framework was consequently selected
for operational historical reconstruction. Validated against an independent monthly climatological benchmark over the
25 full study period, the bias-corrected primary dataset reproduces the reference climatology with high fidelity, affirming its
fitness for long-term hydroclimatic analysis across topographically complex Mediterranean terrain (data is available at
https://doi.org/10.5281/zenodo.19228150; BEIKAHMADI et al., 2026).

Keywords: Spatial Modelling; High-Resolution Dataset; Precipitation Reconstruction; Mediterranean;

Hydrometeorological Regime Stratification; Transfer-Informed Modelling

suoIssnoasiq



Earth System
Science

Data

https://doi.org/10.5194/essd-2026-679
Preprint. Discussion started: 21 September 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access

30 1. Introduction

High-resolution observational gridded precipitation datasets constitute a foundational resource for distributed hydrological
modelling, flood and drought early-warning systems, sustainable water resources management, calibration and validation of
satellite-derived precipitation products, and the attribution of observed trends in hydroclimatic extremes (Beikahmadi and
Rahimzadegan, 2023; Haylock et al., 2008; Hegerl et al., 2007; Huffman et al., 1997; Nosratpour et al., 2022; Refsgaard,

35 1997). Despite the increasing availability of spatially distributed precipitation products, including weather radar estimates,
satellite-based datasets, and reanalysis products, the rain gauge remains the primary high-fidelity instrument for direct
precipitation measurement; however, point observations from sparse and irregularly distributed networks cannot directly
describe the continuous spatial fields required by environmental models or operational services (Jones and Hulme, 1996; Singh,
1992), especially in areas with complex topography, where precipitation exhibits strong spatial variability.

40 Transforming these discrete records into reliable, spatially coherent gridded products is not merely a technical exercise but a
critical enabling step for a broad spectrum of scientific inquiry and societal decision-making. Compared to coarse temporal
resolution (e.g., annual or monthly), the difficulty of this transformation increases substantially as the time scale decreases
(e.g., daily or hourly). Indeed, precipitation can be highly variable in both space and time and exhibits an intermittent behavior
characterized by frequent zero values and highly variable positive amounts, posing significant challenges for any interpolation

45 approach (Goovaerts, 1997; Wilks, 2011). This is particularly true in regions characterized by strong climatic gradients,
complex topography, and temporally evolving observation networks. In this case, a robust strategy is to condition well-
established geostatistical models through event stratification, explicit occurrence—intensity separation, and variance-stabilizing
transformations, allowing even simple estimators to be applied to more homogeneous subsets of data whose spatial structure
can be reliably captured (Haberlandt, 2007; Li and Heap, 2011).

50 In recent years, the growing scientific demand for spatially continuous precipitation records has driven a proliferation of
national and sub-national high-resolution gridded observational datasets. At global and continental scales, the CPC Global
Unified Precipitation dataset (Chen et al., 2002), E-OBS (~10 km; Haylock et al., 2008; Cornes et al., 2018), the Greater Alpine
Region High-Resolution Temperature dataset (GAR-HRT; Chimani et al., 2013), and the Alpine precipitation grids APGD
and LAPrec (~5 km; Isotta et al., 2014, 2019) provide valuable multi-decadal climatological references. More recently, a rich

55 portfolio of sub-continental products has emerged, including Iberia01l for the Iberian Peninsula (Herrera et al., 2019), SPREAD
for Spain (Serrano-Notivoli et al., 2017), SiCLIMA at 500 m x 500 m for Aragon (Serrano-Notivoli et al., 2024), HYRAS for
Germany (Krdhenmann et al., 2018), HadUK-Grid for the United Kingdom (Hollis et al., 2019), seNorge2 for Norway
(Lussana et al., 2018), SLOCLIM for Slovenia (Skrk et al., 2021), MeteoSerbialkm for Serbia (Sekuli¢ et al., 2021),
CLIMADAT-GRid at 1 km resolution for Greece (Varotsos et al., 2025), and a 250 m resolution product for the Trentino-

60 South Tyrol Alpine region (Crespi et al., 2021).

Despite this remarkable expansion, Sicily, which is the largest island in the Mediterranean Sea, a recognized hotspot of
anthropogenic climate change (Pecorino et al., 2024; Treppiedi et al., 2023, 2025, 2026), and a region acutely exposed to
devastating flash floods and persistent droughts (Francipane et al., 2021, 2023), remains conspicuously absent. Moreover, the
spatial resolution of broader European products is fundamentally too coarse to resolve the sharp precipitation gradients

65 generated by Sicily's complex orography, where mean annual rainfall spans from below 360 mm to over 1,900 mm across

distances of a few hundred kilometers (Begueria et al., 2016; Caracciolo et al., 2018; Di Piazza et al., 2011).
This gap is particularly critical given that the methodological evolution from early deterministic techniques, such as Thiessen
polygons (Thiessen, 1911), Inverse Distance Weighting (Shepard, 1968), and thin-plate splines (Hutchinson and Gessler,
1994), to geostatistical and hybrid frameworks has progressively improved the accuracy of spatial precipitation estimation.

70  Within this context, two landmark meta-analyses provide critical guidance. These studies, respectively surveying over 70

comparative analyses across the environmental sciences (Li and Heap, 2011), and 48 operational gridded precipitation
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products worldwide (Serrano-Notivoli and Tejedor, 2021), independently conclude that geostatistical methods, particularly
Ordinary Kriging and its variants, are the most frequently employed and most consistently high-performing techniques in
hydrometeorological mapping. These methods are valued for their theoretical optimality as Best Linear Unbiased Estimators
75 (BLUE), their explicit modelling of spatial autocorrelation through the variogram, and their capacity to provide spatially
explicit prediction uncertainty (Goovaerts, 1997; Matheron, 1971; Stein, 1999). Importantly, both studies highlight that
reconstruction skill is driven primarily by the quality and appropriate stratification of input data, rather than by the specific
choice of estimator.
In parallel, an increasingly influential paradigm extends geostatistical interpolation by incorporating physically meaningful
80 covariates through Regression-Kriging (RK; Hengl, 2007; Odeh et al., 1995), where a deterministic trend, often estimated by
Generalized Additive Models (GAM; Hastie and Tibshirani, 1986), captures non-linear relationships between precipitation
and controlling factors such as topography, coastal proximity, and atmospheric dynamics, while spatially autocorrelated
residuals are modelled via kriging (Aalto et al., 2013). Whether this added covariate-driven complexity provides systematic
accuracy improvements over carefully conditioned geostatistical approaches, particularly when reanalysis-based atmospheric
85 predictors are available only at coarser spatial resolution than the target grid, remains an open and practically important
question. This question extends well beyond Sicily and has direct implications for the design of operational precipitation
mapping systems in data-sparse and topographically complex regions worldwide.
Despite these methodological advances and the broad consensus on the effectiveness of geostatistical approaches, several
important challenges remain in the reconstruction of daily precipitation fields. First, the spatial structure of precipitation is
90 strongly regime-dependent: widespread frontal events tend to exhibit smooth spatial patterns and long correlation ranges,
whereas convective storms are characterized by localized and highly variable rainfall fields (Bardossy and Pegram, 2014;
Pegram and Clothier, 2001). Consequently, treating all rainfall events as a single statistical population fitted by a global
variogram model is a well-documented oversimplification (Li and Heap, 2011).
Additional uncertainties concern how rainfall occurrence and intensity should be combined within a unified interpolation
95 framework (Allcroft and Glasbey, 2003; Haberlandt, 2007), how to maintain consistent reconstruction skill when rain gauge
network density changes over time (Alexander et al., 2006), and which variance-stabilizing transformation is most suitable for
daily rainfall data. These issues have received comparatively limited attention and remain open questions for operational
precipitation mapping.
The present study addresses these challenges by developing a high-resolution daily precipitation reconstruction framework for

100 Sicily, which represents an exceptional natural laboratory for precipitation reconstruction, combining pronounced climatic
gradients, complex terrain, and a rain-gauge archive extending back more than seven decades. The central hypothesis is that a
carefully conditioned geostatistical approach, based on a novel double stratification of daily rainfall events into physically
meaningful hydrometeorological regimes and supported by appropriate variance stabilization and parameter-transfer
strategies, can match or outperform a more complex covariate-based Regression-Kriging framework.

105 To test this hypothesis, four explicit objectives are pursued: (i) to develop and evaluate a two-phase occurrence-intensity
interpolation framework; (ii) to compare the performance of Ordinary Kriging and Regression-Kriging under identical
experimental conditions using leave-one-out cross-validation (LOOCV); (iii) to assess the feasibility of Transfer-Informed
Modelling for the reconstruction of a continuous 72-year precipitation record (1951-2022), thereby addressing the common
trade-off between record length and station density that affects long-term climatological reconstructions; and (iv) to produce

110 the first long-term, high-resolution (2 km x 2 km) daily gridded precipitation dataset for Sicily (PRECISi; BEIKAHMADI et

al., 2026) available at https://doi.org/10.5281/zenodo.19228150.

The remainder of the paper is organized as follows: Sect. 2 describes the study area and datasets, Sect. 3 presents the
methodological framework, Sect. 4 reports the results and discusses the findings; and Sect. 5 states the principal conclusions.

The overall workflow is illustrated in Fig. 1.
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Figure 1: The methodology adopted for generating the PRECISi dataset.

2. Domain and Data
2.1 Study Area

Sicily is the largest island in the Mediterranean Sea (~25,711 km?), located between approximately 36°-38° N and 12°-15° E
120 at the crossroads of Atlantic westerly influences from the north and arid subtropical air masses from North Africa (Fig. 2a),
making it among the most climatically sensitive regions of the central Mediterranean (Beikahmadi et al., 2023; Giorgi, 2006).
The island is predominantly hilly and mountainous, including the Northern Mountain Chain (reaching 1,979 m a.s.l. at Pizzo
Carbonara), which intercepts northerly moist flows, and the isolated volcanic massif of Mount Etna (~3,357 m a.s.l.), which
simultaneously enhances precipitation on its windward flanks while generating pronounced rain shadows on the leeward side,
125 leading to sharp spatial gradients in precipitation over distances of only a few kilometers (Arnone et al., 2013; Sottile et al.,
2022).
The island's climate broadly conforms to the Koppen Csa Mediterranean classification, characterized by hot, dry summers and
mild, wet winters. However, this classification masks a pronounced spatial heterogeneity: mean annual precipitation spans

from less than 360 mm in the semi-arid southeastern coastal areas to over 1,900 mm in the orographically exposed northeastern
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130 highlands. This nearly fivefold gradient reflects the combined influence of topographic forcing, distance from maritime

moisture sources, and the diversity of synoptic and convective precipitation-generating mechanisms acting across the region

(Sottile et al., 2022).
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Figure 2: Area of study overlaid on the digital elevation model (a); number of active stations for the three precipitation networks
135 over time (b); and the spatial distribution of the in situ network over the study region (c).

This meteorological diversity is not merely a descriptive feature of Sicily's climatology; it is the primary scientific motivation
for the doubly conditional stratification framework at the core of this study. Precipitation over Sicily is generated by at least
three physically distinct meteorological mechanisms, each producing rainfall fields with fundamentally different spatial
structures (Sottile et al., 2022; Treppiedi et al., 2023; Trigo et al., 2002).

140  Large-scale frontal systems and Mediterranean cyclones produce widespread, spatially coherent precipitation fields of light-
to-moderate intensity, characterized by long spatial correlation lengths and low intermittency. These events dominate wet-

season totals and account for the bulk of the island's annual water budget (Trigo et al., 2002).
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In some cases, embedded within or following synoptic disturbances, organized Mesoscale Convective Systems generate

spatially extensive but high-intensity rainfall events, where elevated mean field intensities are still associated with relatively
145 coherent spatial structures (Caccamo et al., 2017; Sottile et al., 2022).

In stark contrast, isolated convective cells produce short-duration, high-intensity downpours whose frequency has increased

since the 1990s (Arnone et al., 2013; Treppiedi et al., 2021) and whose seasonal occurrence is shifting toward the summer

(Treppiedi et al., 2026), in what could be described as a "tropicalization" of the regional rainfall regime. These events generate

highly spatially fragmented and strongly intermittent rainfall fields, with correlation lengths of only a few kilometers and
150 extreme local intensities occurring adjacent to dry areas.

Consequently, the proposed stratification is not an arbitrary data-partitioning strategy but a physically based response to a

precipitation regime in which synoptic, mesoscale, and convective processes coexist, making single-model approaches

statistically untenable.

2.2 Data Collection

155 Four datasets were employed in this study, including ground-based precipitation observations, dynamic atmospheric
predictors, static physiographic variables, and a benchmark dataset. Their characteristics and roles within the modelling

framework are described in the following subsections.

2.2.1 The Observation database

Three ground-based precipitation datasets were employed (Fig. 2 panels b-c), each serving a distinct functional role within the
160  work (Table 1).
The primary dataset for model development and calibration was provided by the Dipartimento Regionale della Protezione
Civile (DRPC-Sicilia), the regional Civil Protection Department. This modern, telemetered network consists of 372 automated
tipping-bucket rain gauges (0.1 mm resolution) operating at sub-hourly time steps. For this study, records were aggregated to
daily totals. Following quality control, 369 active stations were retained, corresponding to an average inter-station distance of
165 approximately 8.3 km.
Two complementary historical datasets were used to reconstruct long-term daily precipitation over the period 1951-2022.
The first is the network of the Servizio Informativo Agrometeorologico Siciliano (SIAS), the regional agro-meteorological
information service, comprising 107 tipping-bucket rain gauge stations distributed relatively homogeneously across the island
(approximately one station per 250 km?). These gauges record precipitation at 10-minute resolution with a 0.2 mm tipping
170 increment and were aggregated to daily totals for consistency. Data span January 2002 to December 2022.
The second dataset is the long-term daily rainfall archive of the Autorita di Bacino (AdB), successor to the former Italian
National Hydrographic Service (Servizio Idrografico Nazionale). This archive extends back to 1916 and represents one of the
most extensive daily historical rainfall records in southern Italy. For consistency and network stability, the analysis was
restricted to the 1951-2022 period, to maximize the number of stations with continuous records in the post-World-War-11
175 period, providing 72 years of data for historical reconstruction, yielding up to 441 stations with variable temporal coverage
due to network evolution.
The three networks employ different native daily conventions (OdA: 09:00-09:00 UTC+1; SIAS: 10-min records; DRPC:
00:00-24:00). To place all observations on a single, physically consistent daily definition, the sub-daily SIAS and DRPC series
were aggregated to the OdA 09:00-09:00 window prior to any joint analysis, and the delivered PRECISi product inherits this
180 09:00-09:00 daily accumulation. The 09:00-09:00 'rainfall day' is a widely used gauge convention (e.g. the UK/Ireland
climatological day) that assigns the accumulation to the day on which most rain fell. Because the historical OdA archive is

available only as fixed daily totals, its records could not be re-windowed; the homogeneity assessment below therefore verifies
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that the aggregated SIAS series and the native OdA series are mutually consistent on this common definition and can be merged
without a systematic offset.

185 Internal validation within the AdB network showed Pearson correlations ranging from 0.60 to 0.90 for station pairs within 0—
15 km, decreasing smoothly with separation as expected for a spatially coherent precipitation field (Fig. 3, left). Fitting an
exponential decay, p(d) = no + (1—no) e*(—d/L), yielded a decorrelation length of L ~ 11 km for the direct (same-day) series,
confirming internal spatial homogeneity across the historical network. Cross-network agreement between AdB and SIAS over
their common period (2002-2022) followed the same pattern (Fig. 3 right): short-range correlations of 0.6-0.9, with a

190 decorrelation length L = 12-14 km comparable to the internal AdB—AdB values, indicating that the two archives sample a
consistent underlying field. In both cases, applying a 3-day moving average raised the correlations and lengthened the decay,
as the smoothing absorbs sub-daily timing offsets between stations. This is a relevant check given the differing reporting
conventions of the two networks. Only pairs within 40 km and with at least 70% joint data availability were retained; pair

counts increased with separation, providing dense sampling across the full distance range.
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195

Figure 3: Spatial homogeneity of the merged record, assessed as the decay of daily series correlation with inter-station distance for
station pairs within 40 km over the common period 2002-2022 (pairs with >70% joint availability). Left: AdB-AdB (internal
homogeneity); right: AdB—SIAS (cross-network homogeneity).

Opverall, these results indicate that the two networks are sufficiently homogeneous to be merged. The resulting combined AdB—
200  SIAS archive (1951-2022), comprising up to 547 stations with time-varying availability, forms the historical input for the
gridded precipitation reconstruction. Table 1 provides a consolidated overview of three in-situ precipitation datasets, including

their provenance, temporal coverage, spatial characteristics, and their respective roles within the modelling framework.

2.2.2 Dynamic covariates

To inform the regression model (see Sect. 3), two dynamic atmospheric covariates were sourced from the ERAS global
205 reanalysis, namely the Convective Available Potential Energy (CAPE, Jkg™') and Vertically Integrated Moisture Flux
Divergence (VIMFD, kg m2s™") (Hersbach et al., 2020). These variables were selected because they represent the primary
thermodynamic (atmospheric instability) and dynamic (moisture convergence) drivers of Mediterranean precipitation across
both frontal and convective systems, respectively (Cipolla et al., 2020).
Both variables were obtained at hourly temporal resolution and 0.25° spatial resolution. Daily values were derived by retaining
210 the maximum hourly CAPE and the minimum hourly VIMFD (i.e., the most negative value, corresponding to the strongest
moisture convergence) within each day, under the assumption that daily rainfall totals are more strongly governed by peak
instability and moisture supply than by mean diurnal conditions. The resulting daily covariate fields were then bilinearly

resampled to the 2-km target grid to ensure spatial consistency with the modelling framework.

7
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2.2.3 Static covariates

215 Static covariates represent time-invariant physiographic properties of the landscape that exert a persistent modulating influence
on local precipitation patterns. Two static predictors were incorporated into the regression component of the modelling
framework. Surface elevation was derived from the Shuttle Radar Topography Mission Version 3.0 (SRTMGL1) global dataset
at approximately 30 m spatial resolution (Farr and Kobrick, 2000) and subsequently bilinearly resampled to the 2 km modelling
grid. Elevation was included to represent the large-scale topographic controls on orographic precipitation enhancement and

220  regional atmospheric circulation patterns.

Distance to the coastline was computed from a high-resolution OpenStreetMap vector polygon of the Sicilian coastline (Haklay
and Weber, 2008). After projection to UTM Zone 33N, the Euclidean distance from each 2 km grid-cell centroid to the nearest
coastline was calculated. This variable captures the influence of proximity to marine moisture sources and interior continental

areas where local convection and orographic interactions dominate (Marra et al., 2022; Mazon and Pino, 2017).

225 2.2.4 Benchmark dataset

An independent monthly climatological dataset was used to assess the long-term performance of the reconstructed precipitation
product. This dataset consists of 1,320 monthly precipitation maps at 1 km spatial resolution covering the full island and was
produced from the AdB archive using a two-step hybrid methodology that combines multiple regression models and
geostatistical techniques.

230  Although based on the same underlying observational network, the benchmark dataset was generated through an independent
modelling workflow and therefore provides a valuable reference for evaluating the climatological consistency and spatial

realism of the reconstructed daily fields after aggregation to monthly time scales.

Table 1: Summary of in situ precipitation datasets used in this study.

Spatial ~ / )
Category / Temporal Native resolution
. Source station ) Role or physical rationale
variable coverage . (spatial / temporal)
detail
In situ precipitation networks
Dipartimento ~ della 369
) o 2022- ) 1 hour Model development and
DRPC Protezione Civile — stations ) o
o 2025 (daily aggregated)  calibration
Sicilia (post-QC)
Variable Daily
. . . 19517 . . . . . .
AdB Autorita di Bacino 2022 (up to 441 (climatological Historical reconstruction input
stations) daily aggregated)
Servizio Informativo 107 10-minute
- 2002- . . . - o
SIAS Agrometeorologico 2002 stations (climatological Historical reconstruction input
Siciliano (post-QC)  daily aggregated)
AdB- . o Up to 547 ) o )
Combined historical 1951— ) Daily Full historical reconstruction
SIAS . stations .
archive 2022 ) (homogenized) (1951-2022)
(merged) (variable)

Auxiliary covariates
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. 1-hourly; o .
0.25° grid; ) Convective instability; predictor
CAPE 1951- Daily ) ) )
- ERAS5 (ECMWEF) resampled ) ) for intensity of convective
(dynamic) 2025 (climatological .
to 2 km . rainfall
daily aggregated)
~ l-hourly; . .
0.25° grid; . Moisture convergence; predictor
VIMFD 1951- Daily . o
- ERA5 (ECMWEF) resampled ) ) for moisture supply sustaining
(dynamic) 2025 (climatological ) )
to 2 km . stratiform rainfall
daily aggregated)
~30 m
. native; Orographic forcing: lift,
Elevation SRTM v3.0 . i . o .
Static bilinearly — rain-shadow, adiabatic cooling
(DEM) (NASA/DLR) )
resampled on windward slopes
to 2 km
Computed o
Distance Maritime influence proxy: land—
Derived . at 2-km ) .
to Static ) - sea breezes, moisture advection,
) (OpenStreetMap) grid-cell
coastline . SST effects
centroids

2.3. Preliminary analysis of the dataset

All station coordinates were reprojected from geographic to the planar coordinate system Universal Transverse Mercator Zone

33N (EPSG:32633), using the pyproj library (Snow et al., 2025), ensuring that the Euclidean distance calculations used in the

variogram and kriging framework are metrically consistent and free from the angular distortions inherent in geographic

coordinate representation. The reconstruction domain spans 12°-16° E and 36.5°-38.5°N, discretized onto a regular 2 km x 2

km grid of 100 x 203 cells (20,300 in total). A land mask was constructed by querying an R-tree spatial index against the Sicily

boundary polygon (Guttman, 1984), retaining the 6,786 cells lying on the mainland (=27,100 km?, consistent with the island's

area including coastal cells intersected by the 2 km buffer of shoreline). Offshore cells were assigned missing values and

excluded from all subsequent analyses.

3. Methodology

3.1 Phase I: Geostatistical Modelling of Rainfall Occurrence

Daily precipitation is a compound, intermittent process whose spatial footprint varies fundamentally with the governing

meteorological mechanism. The coexistence of wet and dry observations with the presence of zero-rainfall within a single

spatial field inflates the empirical variogram nugget, distorts spatial autocorrelation estimates, and degrades kriging

performance when the field is treated as a single statistical population (Goovaerts, 1997; Webster and Oliver, 2007).

To address this issue, each calendar day was stratified into three mutually exclusive spatial intermittency classes based on the

fraction of dry gauges (Barancourt et al., 1992), Fy , defined as the ratio of stations recording precipitation below the 0.2 mm

threshold to the total number of active stations on that day:

Widespread (low intermittency; 0 < Fy, < 0.25): synoptically driven events with spatially coherent precipitation

across most of the domain (large-scale) and long correlation ranges;
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e Intermediate (moderate intermittency; 0.25 < Fyy < 0.75): mixed-regime events with partial spatial coverage and
combined stratiform-convective structures;

e Localized (high intermittency; 0.75 < Fuy < 1.00): isolated convective events characterized by high intermittency
(most of the domain is dry) and short correlation lengths.

260 This stratification represents the primary conditioning axis of the framework: all subsequent modelling steps (Phase I and
Phase II) are performed independently within each class, ensuring that variogram estimation, kriging weights, and intensity
modelling are derived from physically homogeneous event populations.

Rainfall occurrence probability at each grid cell was estimated using Indicator Kriging (IK; (Journel, 1983)). Each observation

Z(si, t) was first transformed into a binary indicator using a 0.2 mm threshold consistent with the gauge resolution:

265
1 if Z(s;t) > trace_threshold Rain
I(s;,t) = t 1
(s,8) { 0 otherwise O

The IK predictor at an unsampled location s, is given by:

n
z/lj y(si,sj) +u=vy(s;,sy), i=1,..,n
=1

n
dx=1

j=1

2

where /; are kriging weights obtained under the unbiasedness constraint X' 4; = 1 (Cressie, 2015; Matheron, 1963). The resulting
270 estimate i(so) € [0, 1] represents the probability of rainfall occurrence.
Class-specific empirical semivariograms were computed by pooling all station pairs belonging to each intermittency class,
rather than averaging daily variograms, to obtain a more stable representation of the characteristic spatial structure of each
regime (Haberlandt, 2007). Three semivariance estimators were evaluated: (i) the classical Matheron estimator (Matheron,
1963); (ii) the robust Cressie—Hawkins estimator (Cressie & Hawkins, 1980), and (iii) the median-based Dowd estimator
275  (Dowd, 1984).
For the Matheron and Cressie-Hawkins estimators, within-bin aggregation was performed using a distance-weighted mean to
reduce bin-edge sensitivity. Two binning strategies were tested: uniform, which partitions the lag axis into equal-width
intervals, and log-spaced, which provides higher resolution at short distances where spatial autocorrelation is strongest
(Bowman and Crujeiras, 2013; Goovaerts, 1997). Each estimator-binning strategy was evaluated via leave-one-out cross-
280 validation (LOOCV; Sect. 3.3).
Four theoretical models (Spherical, Exponential, Gaussian, and Matérn) were fitted to the empirical semivariograms, covering
a wide range of spatial continuity behaviors from rough to smooth fields (Cressie, 2015; Goovaerts, 1997; Stein, 1999).
Parameters (nugget (Co), sill (Co + C1), range (@), and, for the Matérn model, the smoothness parameter v) were estimated by
weighted least squares minimization. The optimal configuration for each class was selected via LOOCV (Sect. 3.3).
285 The resulting probability-of-occurrence field /(x) was then used to condition intensity estimation through three alternative
strategies:
Method 11: Fixed class-specific threshold: A single probability cutoff 74« is defined per intermittency class based on observed

rain frequency matching:

-1
Trixed — Fp (1 - 6) (3)

10

suoIssnoasiq



Earth System
Science

Data

https://doi.org/10.5194/essd-2026-679
Preprint. Discussion started: 21 September 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access

290  Method 12: Dynamic daily threshold: A daily adaptive cutoff Flaiocaion(p) is derived from the daily Empirical Cumulative

Distribution Function (ECDF) of predicted probabilities across mainland grid cells over the calibration period:

Fallocation (p) = mediandays in class (ECDFday (p)) (4)

This ensures that the predicted wet area matches the observed daily wet fraction on a day-by-day basis, rather than only on
average.

295 Method I3: Probabilistic weighting (hurdle approach): No binarization is applied, and the full probability-of-occurrence field
Lyce(x) is retained and multiplied cell-wise by the interpolated intensity field M(x):

E(day) = [(day) x M(day) 5)
consistent with the conditional expectation identity:
E[R | data] = E[R | rain occurs, data] X Pr(rain occurs | data) (6)

300  This formulation preserves probabilistic information and avoids the information loss induced by thresholding (Cragg, 1971;
Long et al., 2016).
All three conditioning strategies are carried forward independently into Phase II, enabling a controlled assessment of their

impact on reconstruction skill.

3.2 Phase II: Conditional Modelling of Rainfall Intensity

305 Phase II estimates daily rainfall depth at each grid cell conditional on the occurrence information generated in Phase 1. Because
the statistical properties and spatial correlation structure of rainfall intensity depend strongly on the governing precipitating
mechanism, ranging from widespread stratiform systems with long correlation ranges and moderate skewness to isolated
convective events characterized by short ranges, strong nugget effects, and heavy-tailed distributions, intensity modelling is
performed within a doubly conditional stratification framework that accounts for both event spatial footprint and magnitude

310  regime.

The three intermittency classes (i.e., Widespread, Intermediate, Localized) define the first stratification axis. The second axis
characterizes event magnitude using two complementary metrics computed from wet stations: the spatial mean intensity (x,
mm day ') and the maximum observed point intensity (dmax, mm day ). Both metrics were initially classified according to the
Mediterranean daily rainfall-rate taxonomy from Alpert et al. (2002), which distinguishes Light (< 4 mm day™"), Light-

315 Moderate (4-16), Moderate-Heavy (16-32), Heavy (32—-64), Heavy-Torrential (64—128), and Torrential (> 128 mm day ')
categories, yielding for each day a pair of intensity categories (1-class, dmax-class). To ensure sufficient sample sizes for robust
variogram estimation within each stratum, the six Alpert categories were consolidated into three magnitude super-classes
(Light, Moderate, Heavy) through a frequency-based alignment procedure described below. The super-class assignment of
each day is determined by a look-up rule that maps the two-dimensional (u-class, dmax-class) pair to a super-class, with the

320  mapping conditioned on the intermittency class of that day (Table 1). The rule is constructed so that the marginal frequency
of each magnitude super-class matches, as closely as possible, the marginal frequency of the corresponding intermittency class,
yielding balanced regime sample sizes across the nine strata. In detail: a day is classified as Light if both  and diax fall in the
A (Light) or B (Light-Moderate) categories (pair A—A or A-B); as Heavy if dnax reaches C2 (Heavy) or above while u
simultaneously reaches B or above (pairs B—C2 through C2-D2); and as Moderate for all remaining (u, dmax) combinations.

325 This rule is applied identically across all three intermittency classes, including Localized days: because u is computed only

over the small number of reporting wet stations on such days, an isolated but intense convective cell can drive dmax into the
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Heavy-Torrential or Torrential range while x remains Light-Moderate, so Localized-Heavy is retained as a genuine, if sparsely
populated, regime (Table 3). Because the mapping table is fully specified, each day belongs to exactly one of the nine regimes;
no day is left unassigned or doubly assigned. The complete frequency-based partition of the 1096 calibration days across the

330  nine regimes, consistent with Table 3, is provided in the Supplementary Materials (Table S.2).

3.2.1 Framework ITA: Geostatistical Intensity Modelling

Non-zero rainfall intensities exhibit strong right-skewness and heavy tails, violating the near-Gaussian assumption required
by OK (Cressie, 2015; Goovaerts, 1997; Wilks, 2011), a regime-specific quantile transformation was applied to wet-station

observations:
335 7 =07 (F@) )

where @ is the probit function and F is the ECDF within each regime over the calibration period. This rank-based
transformation was preferred over parametric alternatives (square-root, logarithmic, Box-Cox, and Yeo-Johnson) based on the
Shapiro—Wilk normality test and quantile—quantile (Q-Q) plot evaluation across all nine regimes a representative comparison
against the four parametric alternatives, illustrated for three regimes, is provided in the Supplementary Materials (Fig. S.1).

340 OK was then applied in the Gaussian space, using regime-specific semivariogram models. Empirical semivariograms were
computed using pooled observations within each regime, as described in Phase I (Sect. 3.1). For each regime, an exhaustive
model selection was performed across combinations of, namely three semivariogram estimators (Matheron, Cressie-Hawkins,
Dowd), two lag-binning strategies (uniform and log-spaced), and a suite of 13 theoretical semivariogram models (Spherical,
Exponential, Gaussian, Matérn, Power Law, Linear, Rational Quadratic, J-Bessel, Cubic, hole-effect, Circular, Stable, Super-

345 Spherical, and nested or hybrid combinations) (Chilés and Delfiner, 2012; Cressie, 2015).
The optimal configuration for each regime was selected via LOOCV (Sect. 3.3, see Fig. S.2-4); the semivariance estimators,
binning strategies, and theoretical variogram models considered, together with the criteria guiding their selection, are
summarized in the Supplementary Materials (Tables S.3-S.5). Uncertainty in the original space was propagated via Monte
Carlo simulations (N = 1000 samples per grid cell).

350  For Methods I1 and 12, OK was restricted to grid cells classified as rainy by Phase I mask, whereas dry cells were set to zero.
For Method 13, OK was performed over the entire mainland domain and modulated by the Phase I probability field. All

computations were performed using the PyKrige library.

3.2.2 Framework IIB: Regression-Kriging Intensity Modelling

Framework IIB decomposes rainfall intensity into a physically interpretable large-scale deterministic trend and a spatially

355 correlated residual:
Z(s) =m(s) + e(s) (8)

where m(s) is the trend component and e(s) is the residual field. The trend was estimated using a Generalized Additive Model
(GAM; Hastie and Tibshirani, 1986), assuming a Gamma distribution with a log-link function to enforce positivity and account
for heteroscedasticity (Wilks, 2011; Wood, 2017).

360 The covariate set included static physiographic predictors (elevation and distance to coastline), dynamic atmospheric predictors
(CAPE and VIMFD), and the Phase I probability-of-occurrence field (Sect. 2.2). Candidate GAM structures, including smooth
and tensor-product iterations, were evaluated and optimized using Generalized Cross-Validation (GCV) in pyGAM (Servén et
al., 2025).
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The best-performing GAM structure for each hydrometeorological regime was selected by daily LOOCYV using the continuous

365 performance metrics described in Sect. 3.3. The final selected model for each regime took the general form:
log(n) = By + s(Prob;) + s(CAPE;) + te(DEM;,, dist-coast;) + s(doyi,basis ='cp’) 9

where 1 = E/R] is the expected rainfall intensity and /o the intercept; s() denotes a univariate penalized spline, a smooth, data-
driven function that captures the (possibly non-linear) individual effect of each covariate without prescribing its functional
form; and e(",-) denotes a tensor-product smooth, the two-dimensional extension of s(:) that models joint, interacting effects
370 of covariate pairs, which here are the orographic enhancement modulated by moisture availability (elevation x VIMFD) and
the convective instability conditioned on synoptic-scale favorability (CAPE x occurrence probability). The GAM residuals,
representing the component of spatial variability unexplained by the deterministic covariate-driven trend, were interpolated

using OK. Model selection was again performed via LOOCV (Sect. 3.3).

3.3 Evaluation, Validation, and Historical Reconstruction

375 LOOCYV served as the primary tool for model selection and performance evaluation throughout Phases I and II. In each
iteration, one station is withheld from the fitting dataset, the model is calibrated on the remaining N — 1 daily observations, a
prediction is generated at the withheld location, and the predicted value is compared with the withheld observation.

This procedure mimics the intended application of the framework, namely the estimation of precipitation at ungauged grid
cells, while maximizing the use of available observations. Because the mean inter-station distance (8.3 km) is smaller than the

380 fitted variogram ranges (15-39 km), non-buffered LOOCYV may yield an optimistic estimate of predictive skill (Cressie, 2015;
Roberts et al., 2017). LOOCYV was applied independently for each calendar day within each intermittency class (Phase I) or
hydrometeorological regime (Phase II); day-level metrics were then aggregated to class- or regime-level summaries.

Phase I performance was evaluated using several verification metrics, including contingency table-based metrics such as the
Probability of Detection (POD), False Alarm Ratio (FAR), Critical Success Index (CSI), Overall Accuracy (ACC), together
385 with the Brier Score (BS):

POD = H/(H + M 10)
FAR = FA/(H + Fa) (11
est= M/ 1 m o+ Fay 12)
ACC = (H + CN)/(H + M + FA + CN) (13)
390
BS = 1/y 2 (o —0)? (€T

where H, M, FA, and CN indicate Hits, Misses, False Alarms, and Correct Negatives, respectively, while p; is the predicted

occurrence probability and o; is the binary observed outcome at the i-th withheld station.

Phase II performance was instead evaluated in the original rainfall units (mm day') following back-transformation of kriging
395 predictions. Both Framework IIA and Framework IIB were evaluated using Relative Bias (RB), Root Mean Square Error

(RMSE), Coefficient of Determination (R?), and Kling-Gupta Efficiency coefficient (KGE):
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where 7 is the Pearson correlation between observed and predicted values, @ = g;/0,is the ratio of standard deviations, f =
Uz /1, is the ratio of means and p and o denote the mean and standard deviation, respectively. (Gupta and Kling, 2011). For
Framework IIA exclusively, the calibration reliability of the kriging variance was additionally assessed through standardized

residual diagnostics computed in the transformed space:

0j

1 n
“oiye )

a

where s1 is the mean standardized prediction error (ideal value 0, with values within +0.1 indicating negligible bias in the
transformed-space) and s, is the mean squared standardized error (ideal value 1, with acceptable values in the range 0.8—1.2)
(Kitanidis, 1997). Here, z;, Z;, and o denote the observed value, the kriging prediction, and the kriging standard error in
transformed space, respectively.

Framework IIB does not provide a single kriging variance for the full prediction, as total predictive uncertainty results from
the combined contributions of the GAM and the residual kriging component; therefore, standardized residual diagnostics were
not computed for this framework.

LOOCYV performance metrics for Frameworks IIA and IIB were computed separately for each of the nine hydrometeorological
regimes, enabling a direct and consistent comparison of the two intensity-modelling paradigms under identical stratification
and evaluation conditions.

The comparative performance of the two frameworks is presented in Sect. 4 and used to guide the selection of the operational

reconstruction framework.

3.3.1 Historical reconstruction

The calibrated two-phase framework was subsequently applied to the merged AdB—SIAS dataset spanning 1951-2022 (Table
1). All parameters estimated during calibration were transferred unchanged to the historical reconstruction period,
implementing the Transfer-Informed Modelling strategy introduced in Sect. 1.

For days on which fewer than four active stations were available, and the kriging system was therefore considered spatially

under-constrained, each grid cell was assigned the value of its geographically nearest active station via nearest-neighbor
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assignment. Over the full 72-year period, only 43 days met this criterion (~6 days per decade on average), and no single year
425 contained more than two such occurrences. All affected days are explicitly flagged in the metadata of released dataset. This
procedure yielded three parallel historical reconstructions (one per conditioning strategy), each consisting of a complete daily

2 km gridded precipitation field with an accompanying daily uncertainty map over the 1951-2022 period.

3.3.2 Climatological adjustment

Comparison of the reconstructed fields with the independent monthly benchmark revealed a systematic negative bias arising
430 from the smooth-support limitation of gauge-based interpolation, whereby the 2 km kriging estimate recovers an areal mean
and cannot reproduce the higher spatial moments captured by point gauges. To correct long-term magnitude while leaving
interannual variability free, and to remain applicable to years for which no benchmark exists, a grid-cell-wise, month-specific
climatological multiplicative correction was adopted. For each cell x and calendar month m, a single corrector C.,y was
formed as the ratio of the long-term mean reconstructed total to the long-term mean benchmark total, pooled over all years

435 1951-2022 (ratio-of-means):

Coomy = 2y Ppenchmark (x, m)/z »
y Pmodettx, m) (20)
Podjee,a,m) = Cym) X Prawr,a,m)
where Poenchmark @m) 1S the benchmark monthly precipitation total and Prodel xm) i the corresponding reconstructed monthly
precipitation total derived from the daily fields, both averaged over all years (1951-2022). The resulting ratio, Cp), was then
applied uniformly to all raw daily values within the same (x,m) block.

440 Sea cells retained their NaN designation; cells with no reconstructed rainfall in any year received unit correction. The ratio-
of-means form is volume-weighted and mass-conserving over the calibration period and was preferred over a mean-of-ratios
estimator, which is inflated by low-rainfall months. Because one fixed corrector scales every year identically, the correction
cannot reproduce year-to-year variability by construction; the residual interannual scatter against the benchmark therefore
constitutes a genuine consistency test rather than an identity. A year-specific corrector was deliberately avoided, as it forces

445 the corrected fields to integrate exactly into the benchmark and is inapplicable in near-real time. The effectiveness of the bias

correction procedure is assessed in Sect. 4.

4. Results and Discussion
4.1 Phase I: Geostatistical Modelling of Rainfall Occurrence

The optimal variogram configuration identified through LOOCYV for all three classes combined a Matérm variogram model
450  with the Cressie-Hawkins semivariance estimator and a log-spaced binning. Table 2 shows the results of LOOCV performance
metrics for Phase I.

Table 2: LOOCV performance metrics for Phase I rainfall occurrence model, stratified by the three intermittency classes
(Widespread, Intermediate, Localized)

CLASS CLASS CLASS
WIDESPREAD INTERMEDIATE LOCALIZED

Best fit variogram model Matérn Matérn Matérn

Variogram  parameters

[9, 0.20 0.24 0.20
nugget, 0.01 0.03 0.02
range, 38887.74 39054.93 15256.83
sill] 0.09 0.25 0.04
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POD 0.91 0.89 0.84
FAR 0.18 0.19 0.23
ACC 0.87 0.82 0.77
CSI 0.85 0.79 0.75

Brier Score

(0< BS<1)

0.05 0.07 0.04

455 The fitted variogram parameters are physically consistent with the expected characteristics of the different precipitation
regimes. The sill hierarchy, Intermediate (0.25) >> Widespread (0.09) = Localized (0.04), directly mirrors the variance
structure of the underlying binary occurrence field and the degree of spatial heterogeneity expected from each meteorological
regime: widespread frontal days drive a near-homogeneous, spatially coherent indicator field of intrinsically low variance;
intermediate days juxtapose contiguous rainy belts with dry subregions, maximizing binary contrast and hence sill; and

460 localized days are dominated by zeros, constraining variance not through coherence but through base-rate scarcity. Similarly,
the range hierarchy aligns with known meso-meteorological spatial scales, with Localized events exhibiting a shorter
correlation range (~15 km), typical of isolated Mediterranean convective cells (Cristiano et al., 2017), and Widespread and
Intermediate events displaying larger ranges (~39 km), indicative of synoptic-scale organization (Bardossy and Pegram, 2014).
LOOCYV metrics confirm the expected decrease in predictive skill from Widespread to Localized events, with ACC declining

465 from 0.87 to 0.77 and CSI from 0.85 to 0.75 (Table 2). CSI, which directly measures the overlap between predicted and
observed rain areas and is insensitive to the abundance of correctly predicted dry cells, is adopted as the summary metric for

the rarer classes (Wilks, 2011).

4.2 Phase II: Comparative Framework Assessment and Intensity Model Selection

Table 3 reports the LOOCV performance metrics (back-transformed to mm day~") for Frameworks IIA (geostatistical Ordinary
470 Kriging) and IIB (Regression-Kriging) across the nine hydrometeorological regimes.

Table 3: LOOCYV performance metrics for Framework IIA (on the left) and for Framework IIB (on the right) across nine
hydrometeorological regimes.

‘ n. of wet days/ I\f/[e.d‘a“f/ RMSEKGE R' RB% RMSEKGE R RB%
Regime total active mo S, S, AKGE
; active | A TIA TIA TA B 1B 1B 1B
stations .
stations

W-Light 22-7134 318-313 | 1.33 0.70 0.79 6.0 —0.001 1.16 | 5.85 0.58 0.65 8.4 |+0.12
W-Moderate| 86- 27751 319-309 | 410 0.72 083 ~8 —0.002 1.09 | 82 0.61 0.70 12.2|+0.11
W-Heavy 49- 1604 320-308 | 11.81 0.70 0.84 ~19 —0.002 1.19 | 16.3 0.55 0.68 21.6|+0.15
I-Light 105-34150  320-307 | 1.31 0.68 0.76 ~9 -0.008 1.27 | 6.1 0.51 0.58 6.8 [+0.17
I-Moderate | 102- 33277  319-307 | 3.97 0.61 0.72 ~18 —0.007 1.25 | 7.45 0.48 0.54 19.2|+0.13
I-Heavy 44-14830 318-306 | 8.12 0.59 0.67 ~21 —0.005 0.97 | 149 0.42 051 29.4|+0.17
L-Light | 612-200352  318-305 | 1.27 0.42 046 ~11 —0.003 1.36 | 445 0.27 0.31 15.2|+0.15
L-Moderate | 45- 14739 317-311 | 5.53 0.49 0.61 ~22 —-0.016 1.27 | 7.9 032 042 26.8|+0.17
L-Heavy 31- 10345 319-308 | 9.89 0.44 0.44 262 —0.011 1.17 | 16.6 0.21 0.29 39.5|+0.23

Framework IIA shows a clear regime-dependent performance gradient. KGE values range from 0.70-0.72 for Widespread
regimes, decrease to 0.59-0.68 for Intermediate regimes, and reach their minimum for Localized regimes (0.42-0.49),
475 mirroring the decline in spatial coherence from frontal to convective precipitation and confirming that predictive skill is

controlled primarily by the spatial structure of the underlying regime.
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Bias diagnostics indicate negligible systematic error in the transformed space (|s| < 0.016). Relative Bias after back-
transformation is positive across regimes (6—26%), an expected consequence of the asymmetric inverse quantile
transformation; importantly, it reflects the spatial mean over wet stations only, while the day-to-day spatial pattern and the

480 extent of dry areas are correctly reproduced.

The two right-most columns of Table 3 report the calibration support behind each regime: while the frequent regimes rest on
hundreds of days and >10* station pairs, the rarest convective class (Localized-Heavy) is constrained by only 31 days and
10345 wet station-days within the 2022-2025 window, so its fitted variogram and the upper tail of its quantile transform carry
correspondingly wider uncertainty and should be interpreted accordingly. Framework IIB performs worse than IIA across all

485 metrics and all regimes, with lower KGE (0.21-0.61 vs 0.42-0.72), higher RMSE, and larger Relative Bias; the largest
discrepancies occur for Localized events (AKGE up to 0.23 for Localized-Heavy). Bootstrapped 95% confidence intervals for
the per-regime AKGE (resampled over calibration days; Table 3) exclude zero for all regimes, confirming that the superiority
of IIA is not an artefact of sampling variability; the interval for Localized-Heavy is correspondingly wide, consistent with its
limited 31-day support (Sect. 4.2).

490 This inferior performance stems from the scale mismatch between the ERAS covariates (~28 km native resolution) and the 2
km target grid: at this native resolution ERAS resolves only a few cells across Sicily, so the resampled covariate fields vary
little from one part of the island to another and add little information beyond the spatial structure already captured by the
gauge-derived variogram, even in the Widespread regimes where physical predictors should be most informative (AKGE 0.11—
0.15). For Localized events the day-by-day correlations between CAPE/VIMFD and local precipitation approach zero, so the

495 GAM trend contributes noise rather than signal, and any trend misspecification propagates directly into the residual field
entering the kriging step; the resulting Relative Bias (39.5% vs 26.2%) is a structural signature of this compounding, not
random noise. The limitation of IIB therefore lies in the informativeness of the available covariates, not in the kriging
component, which is identical in both frameworks. Overall, Framework IIA provides more accurate and robust performance
across all regimes and is therefore selected for the historical reconstruction. Subsequent results refer to IIA unless otherwise

500 stated.

4.3 Sensitivity Analyses

To verify the stationarity of the spatial covariance structure assumed by the fixed-parameter transfer and to address the
possibility of a trend, the per-regime variograms were re-estimated independently on two sub-periods of comparable length
(early: 1951-1986 and late: 1987-2022) of the historical network. Holding the network fixed, the early and late variograms
505 coincide within their bootstrapped 95% confidence intervals across all well-resolved regimes, and none of the diagnostics
reveals the range contraction or relative-nugget increase that would signal a systematic change in spatial structure. For the
least-populated Heavy regimes, however, the bootstrapped confidence intervals are wide enough that a moderate shift in spatial
structure cannot be excluded; the stationarity conclusion is therefore best regarded as robust for the frequent, well-sampled
regimes and provisional for the rarest ones, consistent with the wider calibration uncertainty already noted for these regimes
510 (Sect. 4.2). Within the resolution of this test, and acknowledging that the regime definitions and temporal blocking inherited
from the PRECISI construction constrain what such a comparison can detect, the frequent, well-sampled regimes show no
evidence of a material change in covariance structure between sub-periods. This supports the practical assumption underlying
the reconstruction, namely that a single set of calibration parameters can be transferred across the record; it concerns the
second-order spatial structure of daily fields and is not in tension with the long-term changes in rainfall totals and intensity
515 documented for the region, which act on different statistical properties. Representative variogram comparisons are shown in

Fig. 4.
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Figure 4: Empirical variograms re-estimated by sub-period and network for the (a) occurrence (indicator) and (b) intensity (normal-

score) regimes.

A second concern is that the sparser historical network biases the regime classification: with fewer gauges the per-day

maximum depth d,..., a sample extreme whose expectation grows with the number of gauges, is under-estimated, drifting days

toward lighter magnitude classes. This is tested by subsampling the modern network down to a range of densities spanning the

realized record and recomputing the classification, with network density read directly from the observed daily gauge

availability. The d,.. bias and resulting class lightening decay smoothly as density increases and are negligible across all

realized densities (>150 gauges day': mean d,.. bias < 1 mm and < 2% of days reclassified) (see Fig. 5), becoming material

only below ~60 gauges day!, a density the Sicilian network never reached. The regime classification is therefore robust over

the entire reconstruction period; the historical under-estimation is consequently not a density artefact, confirming the

magnitude classification underlying both delivered products.
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Regime-Classification Sensitivity to Network Density
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530 Figure 5: Regime-classification sensitivity to network density: panel (a) dm. bias, panel (b) magnitude-class lightening, and panel (c)
induced missed events as a function of subsample size n, for all events and the convective (Localized) subset.

4.4 Model Selection, Historical Reconstruction and Bias Assessment

The calibrated Phase I-1IA pipeline was applied to the merged AdB—SIAS historical archive spanning 1951-2022, producing
three daily 2 km gridded precipitation products, which were first evaluated against the independent monthly climatological
535 benchmark in their raw, uncorrected form.
Following the framework selection (Sect. 4.2), the geostatistical variant IIA was carried forward to reconstruct the full 1951—
2022 record for the two delivered occurrence schemes, 12-1TA and I3-1TA; the intermediate scheme I1-ITA is omitted hereafter,
as its fixed-threshold occurrence field is effectively indistinguishable from 12-IIA and yields near-identical totals; for this
reason, [1-IIA is not carried forward into the multi-scale validation of Sect. 4.5 or the corresponding Supplementary Materials.
540 Evaluated in raw form against the independent monthly benchmark (Fig. 6, grey points), both products exhibit the systematic
underestimation anticipated from the smooth-support limitation of gauge interpolation, and is present at both temporal scales
(I2-IIA: R? = 0.94 monthly, 0.47 annual; I3-IIA: R? = 0.73 monthly, —2.12 annual). The mean bias grows from —8.6 to —103
mm for 12-ITA and from —20.6 to —247 mm for 13-IIA between the monthly and annual scales, reflecting the accumulation of
a persistent per-month deficit into a larger annual shortfall. The negative annual score for I13-IIA indicates squared errors
545 exceeding the observed interannual variance, a consequence of accumulated bias, not of poor correlation. The offset was
removed with the grid-cell-wise, month-specific climatological factor Cy ) of Sect. 3.2.4, computed as the ratio of the long-
term mean benchmark to the long-term mean reconstruction (Ratio-of-Means, RoM) and applied identically to every year, so
that interannual variability remains unconstrained and the residual scatter constitutes a genuine consistency test rather than an
identity. The volume-weighted, mass-conserving RoM estimator was preferred over a mean-of-ratios alternative, which is
550 inflated by low-rainfall months and degraded 13-IIA. After correction (Fig. 6, blue), the mean bias vanishes at both scales by
construction, while the freely varying component improves markedly. 12-IIA attains monthly R? = 0.99 and annual R? = 0.98,
whereas 13-IIA recovers only to 0.91 and 0.46, a residual gap rooted in the variance structure of the hurdle product, which

mean scaling cannot repair. Its spatial and mechanistic origin is examined next.
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555 Figure 6: Monthly (left) and annual (right) spatial-mean totals of the raw (grey) and climatologically corrected (blue) reconstructions
against the independent benchmark for 12-1TA (a) and I3-IIA (b).

4.5 Multi-Scale Validation
4.5.1 Temporal stability of the reconstruction

The full 1951-2022 spatial-mean series (Fig. 7) demonstrates that the correction restores long-term magnitude without

560 distorting the temporal signal. For I2-1IA the corrected series tracks the benchmark across the entire record, reproducing the
seasonal cycle and individual extreme months, including the >300 mm peaks of the early 1950s, while the raw series runs
persistently below it. The residual panel makes the improvement explicit. The raw deficit, typically —5 to —25 mm and
exceeding —50 mm in some early wet months, collapses after correction onto the zero line, with symmetrically distributed
departures (= +£10 mm) and no trend, seasonality, or drift across the 72-year span. Because a single climatological factor is

565 applied identically to every year, this stability is not imposed, because the corrector removes the systematic offset while leaving
interannual and intra-annual variability entirely free, so the close month-to-month agreement is a falsifiable result rather than

an artefact. The bias removal is temporally homogeneous (equally effective in the sparsely observed pre-1975 period and the

dense modern era) consistent with the density-sensitivity analysis of Sect. 4.3, which excluded network sparsity as the source

of the historical deficit. The I3-IIA panel exposes the limits of mean-only scaling. Its corrected residuals are markedly wider

570 and, from the 1990s onward, become increasingly positive. This occurs because the raw deficit of the hurdle product diminishes
through time, whereas the climatological factor is by design constant, remains constant; the corrector applied to a time-varying

deficit therefore over-corrects the later decades. This progressive, time-dependent drift is far weaker in 12-1IA, where any
residual trend stays within the = £10 mm envelope, indicating that the deficiencies of I3-1IA are structural rather than

climatological, and anticipating the variance diagnostics that follow.
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Figure 7: Monthly spatial-mean precipitation series, raw and bias-corrected versus benchmark, 1951-2022, for (a) Method 12-1TA
and (b) Method I3-ITA. (upper panel) Raw series (benchmark gray, 12-IIA red, 12-IIA corrected blue). (bottom panel) Raw
differences (red) and the corrected residual errors (blue).

4.5.2 Spatial structure of interannual skill

580

To assess skill beyond the climatological mean, which the RoM corrector matches by construction, the interannual agreement

between the corrected products and the benchmark was decomposed per grid cell into the three independent KGE components

(Gupta et al.,

2009; Kling et al., 2012): temporal correlation r, variability ratio o = ¢ model/0 benchmark and bias ratio S,

complemented by the interannual RMSE (Fig. 8). Three representative months are shown: January (wet frontal month), July

(dry convective stress month) and October (autumn transitional month); the full monthly panels are provided in the
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585 Supplementary Materials (Fig. S.5-6). The f maps are uniformly =1 for both products, confirming that the correction constrains
the long-term mean and nothing else; the remaining components therefore constitute a genuine, non-circular validation. Both
products capture interannual timing well (> 0.8 almost everywhere). The discriminating component is a. For 12-IIA it remains
close to unity in all three months, with only mild under-dispersion in July, indicating that the dynamic-threshold product
transmits the benchmark's year-to-year variance essentially unaltered. For I13-IIA the hurdle product is variance-distorted, and

590  the mean-only correction cannot restore the variance structure, leaving a systematically above unity, most severely in July,
where sparse convective rainfall renders the back-transformed hurdle field over-disperse. The RMSE column translates these
ratios into millimeters. July inflation costs little in absolute terms, whereas the wet and transitional months concentrate the real
error, with 13-11A exceeding 50 mm over the north-eastern relief in January and October, roughly double the co-located 12-11A
values. This spatially resolved, mechanistic contrast explains the divergent annual skill of the two products (R?=0.98 vs 0.46)

595 and consolidates the selection of 12-1IA as the reference product.
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Figure 8: Per-grid-cell interannual validation of the corrected (a) I2-11A and (b) I3-1IA products against the benchmark for three
representative months: January (wet frontal), July (dry convective stress) and October (autumn transitional). Columns: the KGE
decomposition into temporal correlation r, variability ratio « and bias ratio f#, the composite KGE, and the interannual RMSE (mm).

600 4.5.3 Error distributional analysis

The per-grid-cell error distributions (Fig. 9; Tables 4-5) resolve the bias correction beyond domain means. In the raw state
both products underestimate systematically, with the magnitude of the median bias increasing toward the wet season: 12-1IA
reaches —8.4 mm in October and —8.2 mm in December, whereas the hurdle-based I3-IIA is two-to-three times more biased
over the same months (—23.6 mm in December, —23.3 mm in October), confirming its stronger wet-season deficit. After
605 correction, the medians collapse to near zero in every month and season (jmedian| < 1.3 mm for 12-1IA; < 2.0 mm for I3-1IA),
while the distributions retain a finite spread, the expected outcome of a climatological corrector that removes the systematic
offset but deliberately leaves year-to-year departures free. This residual spread behaves physically, scaling with the seasonal
rainfall magnitude, contracting from ~3 mm (/QR for July) to ~18 mm (October—December) for 12-1IA, and is systematically
narrower for 12-IIA than for I3-IIA by roughly 40% in the wet seasons (seasonal /OR 16.0 vs 26.8 mm in DJF; 16.7 vs 28.0
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mm in SON). A second, diagnostic feature emerges from the divergence between the two dispersion measures: for I3-IIA the

standard deviation exceeds the /OR most severely in summer (August: 21.9 vs 6.5 mm), revealing heavy tails produced by

localized convective cells that the hurdle formulation reproduces poorly; indeed, its JJA correction tightens the distribution

body (IOR 10.6 — 4.5 mm) while the tails grow heavier (SD 13.8 — 17.6 mm). I2-IIA shows the same qualitative pattern but

far less severely (JJA corrected SD/IQR = 2.0 vs = 3.9 for I13-1IA), indicating that its error distribution, while not strictly

Gaussian, is markedly less prone to extreme-tail contamination than the hurdle-based product.
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Figure 9: Per-grid-cell bias (model - benchmark) distributions. The 12 (I3) raw distribution is in light (dark) gray, while the 12 (I3)
corrected one is in blue (red) and they are grouped per month (upper row) and per season (lower row); note the independent y-
scales.

Table 4: Error spread (median, /IQR, SD; mm), Method 12-IIA, raw vs. bias-corrected

Raw Raw Raw Corrected Corrected Corrected

median IQR SD median IQR SD
Dec —23.6 350 37.0 -0.1 30.7 35.8
Jan -21.5 332 337 —0.6 28.6 324
Feb -16.3 27.1 272 -08 21.9 27.4
Mar —-15.9 25.1 274 -07 21.5 26.5
Apr -12.6 188 18.6 —0.7 18.5 20.3
May -79 140 153 -0.2 12.0 15.6
Jun -3.2 9.7 126 -04 4.9 14.8
Jul -1.2 6.9 112 -0.2 2.8 14.9
Aug —4.2 153 16.6 —0.7 6.5 21.9
Sep -17.5 263 240 20 253 283
Oct -23.3 339 350 -1.8 31.5 38.2
Nov -20.8 31.0 339 05 273 33.6
DJF -20.2 322 331 05 26.8 32.1
MAM -11.7 194 215 05 16.9 21.3
JJA -2.6 106 138 —0.4 4.5 17.6

23

suoIssnoasiq



Earth System
Science

Data

https://doi.org/10.5194/essd-2026-679
Preprint. Discussion started: 21 September 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access

SON 204 304 316 -1.5 28.0 33.6

Table 5: Same as Table 4, for Method I13-1TA

Raw Raw Raw Corrected Corrected Corrected

median IQR SD median IQR SD

Dec +232 351 36.1 +0.1 31.0 359
Jan +21.9 334 322 +0.8 27.4 313

Feb +16.4  26.1 269 +0.8 21.6 27.5

Mar +16.2 247 28.6 +0.9 22.5 26.3
Apr +11.8  18.6 179 +0.7 17.6 20.3

May +8.2 13.8 159 +0.2 11.7 15.4
Jun +3.4 9.6 123 +0.3 4.7 14.9

Jul +1.3 72 10.6 +0.3 3.1 12.7

Aug +4.0 149 164 +0.9 7.1 21.4
Sep +17.8 269 242 +1.7 24.9 27.0

Oct +23.0 33.6 34.1 +1.4 31.4 41.0

Nov +21.2  31.0 337 +0.5 28.1 345
DJF +20.3 331 322 +0.6 26.4 31.3

MAM +11.6 193 21.1 +0.3 16.4 20.9
JJA +2.4 103 13.7 +0.4 4.2 16.0

SON  +20.2 303 31.6 +1.4 27.7 352

625  4.5.4 Quantile-based distributional fidelity

While the KGE decomposition evaluates co-located temporal skill, the quantile—quantile analysis (Fig. 10) asks a
complementary, pooled-distribution question: do the corrected products reproduce the benchmark's full climatological
distribution of monthly totals, including the wet tail on which hydrological and extreme-event applications depend? For 12-
IIA the answer is affirmative to within measurement precision: in DJF, MAM and SON the model/benchmark quantile ratios
630 are 0.98-0.99 simultaneously at the median, the 90th and the 99th percentile, i.e. the entire distribution, body and extremes
alike is transmitted essentially unaltered. Its only departures occur in summer, where the near-zero median (ratio 1.36 on totals
of a few millimeters) is numerically inflated by the dry denominator and the wet tail is mildly damped (P99 ratio 0.93),
consistent with the smoothing of isolated convective cells. I3-1IA, by contrast, exhibits a characteristic S-shaped deviation in
all seasons: the distribution body is deficient (P50 ratios 0.89-0.92) while the upper tail is inflated (P99 ratios 1.13-1.14), a
635 redistribution of probability mass toward the extremes that becomes drastic in summer (P50 = 0.24; P99 = 1.47). Because the
ratio-of-means corrector conserves the climatological mean by construction, this pattern is precisely the signature expected
when a mean-only rescaling is applied to a variance-distorted field: the hurdle product's compressed body and its correction-
amplified tail must compensate to preserve the mean. The Q—Q analysis thus provides the distribution-level counterpart of the
variance-ratio (a) anomalies mapped in the previous section, and carries a practical implication: quantile-dependent
640 applications, return-level estimation, drought and flood indices, threshold exceedances, can rely on 12-IIA across the full range

of totals, whereas 13-IIA would require an additional distributional (e.g. quantile-mapping) adjustment before such use.
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Figure 10: Seasonal quantile—quantile comparison of corrected per-cell monthly totals against the benchmark, pooled over all land
cells and years (1951-2022). Dots mark the P50, P90 and P99 quantiles.

645 5. Conclusions

This study delivered PRECISI, a 72-year (1951-2022), 2 km daily gridded precipitation dataset for Sicily, produced by a
doubly conditional geostatistical framework that models occurrence and intensity as separate, regime-stratified processes and
merges three heterogeneous gauge networks into a single homogenized archive. Of the candidate formulations, these results
confirm the central hypothesis: the regime-conditioned geostatistical framework matches or outperforms the covariate-based
650  Regression-Kriging alternative, and binary occurrence masking proves superior to probabilistic hurdle weighting. Validation
against an independent monthly climatological benchmark showed that the raw reconstruction carries the systematic
underestimation inherent to smooth-support gauge interpolation (Begueria et al., 2016), negligible at the monthly scale but
compounding to —103 mm yr'. A grid-cell-wise, calendar-month climatological correction, applied identically to every year
so that interannual variability remains a falsifiable test rather than a fitted identity, removed this deficit: the corrected 12-1IA
655 attains R? = 0.99 (monthly) and 0.98 (annual), temporally homogeneous residuals of = £10 mm over the full 72-year record,
near-unit KGE bias and variability ratios per grid cell, and quantile ratios of 0.98—0.99 from the median to the 99th percentile
in all wet seasons, distributional fidelity sufficient for return-level and threshold-based applications. The probabilistic hurdle
alternative I3-11A, while equally unbiased in the mean after correction, retains a structural variance distortion that mean scaling
cannot repair, and is therefore recommended only with an additional distributional adjustment. Sensitivity analyses confirmed
660  the temporal stationarity of the fitted spatial covariance structure and the robustness of the regime classification across all
historically realized network densities, excluding tropicalization trends and gauge sparsity as confounders of the
reconstruction. The main limitation remains the representation of localized summer convection, where sub-grid variability
bounds the achievable skill of any gauge-based product. Its preservation of spatial gradients and wet/dry boundary structure
makes the reference product directly suitable for distributed hydrological modelling, flash-flood risk assessment, and extreme-
665 event analysis. PRECISi provides the first high-resolution, multi-decadal daily precipitation reference for Sicily, and its doubly
conditional, benchmark-anchored design is directly transferable to other Mediterranean regions with fragmented observational

archives.

Data and code availability statement

The DRPC data are freely accessible through AEGIS platform (https://www.protezionecivilesicilia.it:8443/aegis/map/map2d).

670 The AdB and SIAS historical rainfall data that support the findings of this study are archived by the Autorita di Bacino

(https://www.regione.sicilia.it/istituzioni/regione/strutture-regionali/presidenza-regione/autorita-bacino-distretto-idrografico-

sicilia/) and the Servizio Informativo Agrometeorologico Siciliano (http:/www.sias.regione.sicilia.it/); These data can be

requested from the respective agencies or obtained from the corresponding author upon formal authorization. ERAS reanalysis
data are publicly available from the Copernicus Climate Data Store at https://cds.climate.copernicus.eu. The SRTM Version
675 3.0 DEM is publicly available from NASA. The reconstructed 1951-2022 daily gridded precipitation dataset generated in this
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study is available on Zenodo at https://doi.org/10.5281/zenodo.19228150 (BEIKAHMADI et al., 2026)(embargoed until

publication) and is distributed under CC BY 4.0 licence. For review purposes, a private link can be provided by the
corresponding author. All processing and analysis codes are publicly accessible in a modular form at the GitHub Repository:

https://github.com/Niloufarbeikahmadi/High-Resolution-ATLAS-of-Observational-Precipitation-Reconstruction.
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