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Abstract. Snow water equivalent (SWE) is a critical hydrological variable for water resource management in mountainous 

regions, where seasonal snowpacks function as natural reservoirs regulating streamflow and water supply. While high-

resolution, observation-constrained regional or national snow products provide reliable daily SWE estimates at fine spatial 

resolution (less than 1 km), their limited temporal coverage often restricts their use for long-term hydro-climatological studies. 10 

Large-scale land-surface products, in which SWE is derived from land-surface model simulations driven by atmospheric 

reanalyses or regional dynamical downscaling systems, provide multi-decadal coverage, but their reliability may be affected 

by biases in meteorological forcing, limited topographic representation, and simplified snow process parameterisation, 

requiring rigorous regional evaluation. This study evaluates the SWE estimates of three large-scale land-surface products, i.e., 

the global ERA5-Land, the European CERRA-Land, and the Italian VHR-REA_IT, against the national reference dataset IT-15 

SNOW across Italy. The analysis combines grid-scale bias assessment of mean annual SWE and snow cover duration with 

temporal correlation analysis of daily SWE series, and is complemented by an evaluation of precipitation and temperature 

biases in each product, providing insight into how each product represents the atmospheric conditions governing snow 

accumulation and ablation and thereby supporting the interpretation of the identified SWE discrepancies. The results show 

clear regional differences in product performance, with no single product performing best across all metrics. ERA5-Land 20 

shows the strongest temporal correlation with IT-SNOW, but tends to overestimate mean annual SWE and snow cover duration 

in the Alps. CERRA-Land shows more moderate biases than ERA5-Land in the Italian Alps, but generally underestimates 

mean annual SWE across most subregions, where autumn and winter precipitation deficits in the forcing limit snow 

accumulation. Across the Apennines, both ERA5-Land and CERRA-Land tend to underestimate SWE and snow cover 

duration, particularly in the northern sectors. VHR-REA_IT shows widespread underestimation and the weakest temporal 25 

correspondence with IT-SNOW: this despite its finer grid spacing, which may be due to its fully coupled atmosphere–land 

architecture with no assimilation of meteorological observations. Overall, the results suggest that forcing biases explain a 

substantial part of the observed SWE discrepancies, although not all of them. This study provides useful insights for the use 

of SWE estimates from large-scale land-surface products in long-term hydro-climatological assessments over Italy and helps 

to understand whether the products can be used to evaluate snow dynamics in mountainous regions lacking high-quality 30 

benchmark estimates. 
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1 Introduction 

Mountain snowpacks function as natural reservoirs, accumulating precipitation during colder months and gradually releasing 

it as meltwater during warmer seasons. This seasonal regulation sustains streamflow and water availability in snow-dependent 

regions, supporting ecosystems, agriculture, hydropower, and domestic water supply (e.g. Barnett et al., 2005; Immerzeel et 35 

al., 2020; Jenicek et al. 2016). As such, understanding the spatial and temporal distribution of snow is essential for water 

resource monitoring, streamflow forecasting, flood prediction, and climate change diagnostics (e.g. Bormann et al., 2018; 

Viviroli et al., 2007).  

Snow water equivalent (SWE), defined as the depth of water stored in the snowpack, represents the most direct link to mountain 

hydrology (King et al., 2020; Takala et al., 2011). However, obtaining reliable and spatially distributed estimates of SWE 40 

remains a persistent challenge. Ground-based approaches, including manual snow courses, snow pillows, passive gamma 

radiation sensors, and cosmic ray neutron sensors, provide valuable site-scale SWE observations through either direct 

weighing-based measurements or indirect physical inference. But their spatial coverage remains limited due to difficult terrain, 

adverse weather, and the prohibitive cost of establishing dense observation networks in mountain environments (Bales et al., 

2006). These challenges are compounded by the highly variable spatial distribution of snow in mountainous terrain, where 45 

SWE can vary dramatically over short distances due to differences in elevation, slope, aspect, and wind exposure (Pflug et al., 

2025; Pimentel et al., 2017; Sabetghadam et al., 2025). To overcome these limitations, several approaches have been developed 

to estimate SWE over large domains. 

Satellite remote sensing substantially extends observational coverage beyond ground-based measurements, but current sensor 

classes still face important limitations for SWE estimation across diverse snow and landscape conditions. Optical sensors, such 50 

as MODIS snow cover products (Hall et al., 2002), are effective for mapping snow-covered area, yet they do not provide 

information on snow depth or SWE. Passive microwave sensors, including AMSR-E and AMSR2, can estimate SWE directly 

(Kelly, 2009), but their performance is constrained by coarse spatial resolution, signal saturation in deep snowpacks (Chang 

et al., 1987), and attenuation from forest canopy (Dong et al., 2005). Active microwave products, such as the Sentinel-1-

derived C-SNOW dataset (Lievens et al., 2019), offer finer spatial resolution than passive sensors but retrieve snow depth 55 

rather than SWE and are mainly applicable under dry-snow conditions, because liquid water in the snowpack absorbs much of 

the radar signal (Mätzler, 1987; Mirza et al., 2025). 

The combined limitations of ground-based measurements and satellite retrievals make it difficult to obtain spatially continuous 

and temporally consistent SWE estimates across large mountain domains. This challenge has motivated the development of 

gridded SWE products based on numerical modelling, with varying degrees of snow observation assimilation. High-resolution 60 

observation-constrained snow products, typically at ≤1 km resolution, are generated by integrating process-based snow 

modelling with the assimilation of ground-based and satellite snow observations to produce gridded SWE fields (e.g. Sourp et 

al., 2026).. Prominent examples include IT-SNOWthose developed for Italy (~(IT-SNOW, ~500 m; Avanzi et al., 2023), the 

Swiss  Switzerland (OSHD system (, up to ~250 m; Mott et al., 2023), SNODAS for the contiguous United States (~(SNODAS, 



 

3 

 

~1 km; NOHRSC, 2004), and J-snow for the Po River District (J-snow, ~500 m; Dall’Amico et al., 2025).), the extratropical 65 

Andes (~180 m; Cortés and Margulis, 2017), High Mountain Asia (~500 m; Liu et al., 2021), and the western United States 

(~500 m; Fang et al., 2022). Despite their demonstrated reliability, these products are often limited inthe temporal coverage 

(e.g., IT-SNOW begins in 2010; SNODAS in 2003),and geographical extent (e.g., J-snow coverage of these products varies 

widely, since it depends on the length of the assimilated observational records and on the design of each individual product. 

For example, while the Andes and western United States products, which assimilate fractional snow-covered area retrieved 70 

from the Landsat record, extend back to the mid-1980s, SNODAS and IT-SNOW begin in 2003 and 2010, respectively, and 

J-snow covers only the Po River District), or both, because their generation depends on observation systems and supporting 

datasets that are not always available over long periods or broad domains. This limits their. Therefore, temporal and spatial 

coverage may limit the applicability of observation-constrained snow products for multi-decadal or large-scale studies. 

Large-scale land-surface products, derived from atmospheric reanalyses and regional dynamical downscaling systems that 75 

provide continuous meteorological fields over multi-decadal periods, partially overcome the spatial and temporal limitations 

of observation-constrained snow products by providing internally consistent, gap-free spatiotemporal fields over broad 

domains. In these systems, SWE is simulated primarily by the snow scheme embedded within the land-surface model, driven 

by meteorological forcing and, in many cases, without direct assimilation of snow observations. The accuracy of the simulated 

snowpack is therefore strongly influenced by the quality of the meteorological forcing, which has been identified as a major 80 

source of error in snow simulations (Raleigh et al., 2015; Terzago et al., 2020), although its relative importance depends on 

the modelling framework and application (von Kaenel and Margulis, 2025). Beyond forcing quality, the structure of the snow 

scheme and the parameterisation of individual snow processes, such as albedo evolution, compaction, and liquid water 

retention, introduce an additional source of uncertainty (Cho et al., 2022; Günther et al., 2020). This highlights that rigorous 

validation is required before any land-surface product can be confidently applied for operational purposes. 85 

Although previous studies have evaluated large-scale SWE products in other regions and confirmed that product performance 

varies with geographic and hydroclimatic setting (Brown et al., 2018; Broxton et al., 2016; Fang et al., 2023; Liu et al., 2022; 

Monteiro and Morin, 2023; Mudryk et al., 2025), no systematic evaluation of SWE estimates from large-scale land-surface 

products has yet been conducted across the whole of Italy. This gap is particularly relevant because the Italian Alps and 

Apennines are critical headwater regions for national water supply and have experienced marked recent declines in snowpack 90 

(Avanzi et al., 2024; Bocchiola and Diolaiuti, 2010), with direct implications for seasonal water availability in downstream 

basins (Montanari et al., 2023). This study addresses that gap by evaluating SWE estimates from three large-scale land-surface 

products against IT-SNOW (Avanzi et al., 2023), a high-resolution observation-constrained snow product assimilating dense 

in situ and satellite snow observations and currently the most reliable gridded SWE reference available for Italy since 2010. 

The core goal of the evaluation is to assess the potential and limitations of these large-scale products and their underlying land-95 

surface models and atmospheric forcing over the major mountain chains within Italy. The practical implications are twofold: 

on the national scale, given the limited temporal coverage of IT-SNOW, the results provide guidance for selecting the most 
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suitable product for extending SWE records to prior decades and supporting long-term hydro-climatological assessments; on 

the continental and global scales, the findings may help characterise the reliability of these products in other hydrologically 

similar regions that lack high-quality benchmark estimates. 100 

The Technical Note is structured as follows. Section 2 describes the study area. Section 3 presents the reference dataset, IT-

SNOW, and the three evaluated products, including their atmospheric forcing and land-surface models. Section 4 describes 

the evaluation methodology. Section 5 presents and discusses the evaluation results in terms of mean annual SWE, snow cover 

duration, and temporal correlation of daily SWE. Section 6 summarises the main findings and their implications. 

2 Study area 105 

The study area is Italy, characterised by sharp elevation contrasts where mountain ranges and coastlines combine to shape a 

great variety of hydrologyhydrological and climate characteristicsclimatic conditions (Fig. 1). Elevation varies strongly across 

the country, from sea level along the extensive Mediterranean coastline to above 4000 m a.s.l. across the highest mountain 

crests. Italian topography is dominated by two major mountain systems: the Alps, which arc along the northern border and 

represent the main area of seasonal snow storage and meltwater generation for northern Italy, and the Apennine chain, which 110 

forms the backbone of the peninsula and extends for about 1350 km to the Strait of Messina, continuing into northern Sicily. 

The lower elevation of the Apennines, together with their stronger Mediterranean influence, results in snow cover that is 

generally less persistent than in the Alps. Marked relief also occurs on the major islands, Sardinia and Sicily. 
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Figure 1. Topographic map of the study domain showing elevation (m a.s.l.) across Italy..). 

The topographic contrasts described above translate into marked spatial gradients in climatic conditions and snow storage 

across Italy. Figure 2 summarises this variability through mean annual precipitation (panel a), mean annual temperature (panel 

b), and mean annual SWE (panel c), all computed as temporal averages of daily values over the study period from September 

2010 to August 2024. The precipitation and temperature fields are derived from SCIA (Sistema nazionale per la raccolta, 120 

elaborazione e diffusione di dati Climatologici di Interesse Ambientale; Desiato et al., 2007, 2011), a national gridded 

observational dataset, whereas SWE is derived from IT-SNOW (Avanzi et al., 2023), the high-resolution observation-

constrained snow product for Italy that is here used as the reference SWE product. These datasets are used here to characterise 

the study area, while their full description and role in the evaluation are provided later in Sect. 3.1 for IT-SNOW and Sect. 4.2 

for SCIA. 125 
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Figure 2. Climatic and snow regime characteristics of the study area for the period 2010 to 2024: (a) mean annual precipitation and 

(b) mean annual temperature from the SCIA observational dataset, and (c) mean annual snow water equivalent from the IT-SNOW 130 
reference dataset. 

Figure 2 highlights the marked spatial variability of climate and snow conditions across Italy. Mean annual precipitation (panel 

a) reflects the influence of orography (Frei and Schär, 1998), with the highest values along the Alpine arc and the northern 

Apennines, particularly in the Ligurian sector, where moisture from the Mediterranean is enhanced by uplift (Miglietta and 

Davolio, 2022), while lower values occur across lowland areas and the major islands. Mean annual temperature (panel b) 135 

follows the main elevation gradient, with the coldest conditions in the highest Alpine sectors, intermediate values along the 

Apennine ridge, and the warmest conditions in coastal areas, plains, and the islands. Together, these precipitation and 

temperature patterns shape the spatial distribution of mean annual SWE (panel c). The highest SWE values occur in the Alps, 

where high elevations maintain colder conditions, increase the fraction of precipitation falling as snow, and delay melt. In the 
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Apennines, SWE is generally lower and more spatially heterogeneous, despite moderate precipitation in several sectors, 140 

because milder conditions limit snow accumulation and persistence. Nonetheless, the highest massifs of the central Apennines 

sustain seasonal, though highly variable, snow cover (De Bellis et al., 2010; AINEVA, 2023). In the plains and coastal areas, 

mean annual SWE is close to zero. Overall, these contrasts, from the larger and more persistent Alpine snowpacks to the 

smaller and more intermittent Apennine snow cover, make Italy well suited for evaluating land-surface products across a wide 

range of snow regimes. 145 

3 Datasets and product descriptions 

3.1 Reference SWE dataset: IT-SNOW 

IT-SNOW is a high-resolution, observation-constrained snow reanalysis for Italy, available from September 2010 onward, 

providing daily maps of SWE, snow depth, bulk snow density, and liquid water content at ~500 m spatial resolution (Avanzi 

et al., 2023). The productreanalysis is heavily constrainedgenerated retrospectively by extensive in situ and satellite snow data 150 

through assimilation withinrerunning the S3M (operational Snow Multidata Mapping and Modeling) (S3M) chain for Italy 

over the historical period, constraining the estimates by using in situ and satellite snow data available for each date. S3M is a 

distributed cryospheric model (Avanzi et al., 2022), developed by CIMA Research Foundation for the Italian Civil Protection 

Department. (Avanzi et al., 2022). 

Meteorological forcing is derived from a very dense network of automatic weather stations providing hourly precipitation, air 155 

temperature, relative humidity, and incoming shortwave radiation. Precipitation fields (~1 km resolution) are generated using 

a modified conditional merging approach that blends rain gauge observations with radar data through the GRISO algorithm 

(Bruno et al., 2021). Air temperature is spatialised through region-specific hourly linear regressions against elevation, fitted 

within meteorological homogeneous regions defined by the Italian Civil Protection. Relative humidity and incoming shortwave 

radiation are spatialised using inverse distance weighting. Precipitation phase partitioningAt each hourly time step, total 160 

precipitation is determined within the model usingpartitioned into rainfall and snowfall based on air temperature and relative 

humidity (, which is more reliable than temperature alone (Zhang et al., 2017), following Froidurot et al., . (2014). 

S3M solves the snow mass balance using a single-layer scheme with hybrid temperature-index and radiation-driven melt, snow 

settling, liquid water outflow, and albedo evolution (Avanzi et al., 2022). The melt formulation follows Pellicciotti et al. (2005) 

in separating radiation- and temperature-driven components, but S3M modulates the coefficients of both components using 165 

mean air temperature over the preceding 10 d, providing a parsimonious proxy for snowpack cold content and thermal inertia 

(Avanzi et al., 2022). Glacier areas, identified from the Randolph Glacier Inventory v6.0 (Pfeffer et al., 2014), are handled 

separately within the model, so that the IT-SNOW SWE fields represent only seasonal snowpack. IT-SNOW assimilates snow 

observations daily using two complementary data sources. The first is a blended snow-covered area map combining Sentinel-

2 (Main-Knorn et al., 2017), MODIS, and EUMETSAT H SAF products. The second is a set of snow depth maps obtained by 170 

interpolating observations from ~350 ultrasonic sensors across Italy: within each of 10 homogeneous snow regions, daily 
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multilinear regressions against elevation, slope, and aspect are used to spatialise point observations into gridded snow depth 

fields, which are then converted to SWE using modelled snow density and used to correct the modelled snowpack with spatially 

varying weights based on sensor proximity. 

The modelled snowpack is constrained by the daily assimilation of snow depth observations. These come from a network of 175 

~350 ultrasonic sensors that follows the distribution of Italian snow resources and is therefore densest across the northern 

regions, particularly within the Po river basin. The point measurements are spatialised each day through multilinear regressions 

against elevation, slope, and aspect, fitted separately over 10 subdivisions of the territory that group areas of comparable snow 

climatology. The resulting fields are then trimmed to the observed snow line, using a blended snow-covered area map that 

combines Sentinel-2 (Main-Knorn et al., 2017), MODIS/VIIRS, and EUMETSAT H SAF H10 retrievals: pixels observed as 180 

snow-free are removed, so that the regressions do not extend snow onto bare ground. Conversion of the masked fields to SWE 

relies on the modelled snow density, whose spatial variability is considerably lower than that of snow depth (Mizukami and 

Perica, 2008). The SWE fields obtained in this way are assimilated once per day through spatially distributed Newtonian 

relaxation, or nudging: at each grid cell the modelled SWE is corrected by a fraction of its departure from the observation-

based estimate, and this fraction decreases with distance from the sensors. The procedure is confined to December–April, 185 

outside which the ultrasonic sensors may pick up the vegetation growing beneath them after melt-out and introduce spurious 

signals into the spatialised maps (Avanzi et al., 2023).  

IT-SNOW has been evaluated against Sentinel-1-derived snow depth maps (C-SNOW; Lievens et al., 2019) over the period 

September 2016–April 2020, and against independent in situ snow depth and SWE measurements (Avanzi et al., 2023). Snow 

The comparison against C-SNOW showed that IT-SNOW snow depth estimates have been shown to bewere consistent with 190 

satellite-based snow data, with low mean bias across the Italian landscape,evaluated mountain areas (mean bias: −10 mm; 

mean RMSE: 220 mm), and comparison against ground measurements confirmsconfirmed that the dataset reconstructs 

seasonal snow accumulation and melt dynamics. (RMSE: 300–600 mm for snow depth; 90–300 mm for SWE). 

3.2 Evaluated large-scale land-surface products 

The products evaluated in this study differ in both product architecture and the way observational information enters the 195 

modelling system. Because these structural differences directly affect how biases originate and propagate into the simulated 

SWE fields, understanding them provides the basis for interpreting the evaluation results. This requires distinguishing the role 

of the atmospheric component from that of the land-surface modelling component in each product. 

Atmospheric reanalyses reconstruct past atmospheric conditions by reprocessing the historical observing record with a fixed 

numerical weather prediction model and data assimilation system (Baatz et al., 2021). The atmospheric model solves the 200 

governing equations for mass, momentum, and energy, advancing prognostic state variables such as air temperature, humidity, 

wind components, and surface pressure, which together describe the instantaneous state of the atmosphere. Data assimilation 

updates this model state, adjusting the prognostic variables to bring the analysed atmospheric state into closer agreement with 

available observations while maintaining consistency with the model dynamics (Kalnay, 2003). In conventional atmospheric 
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reanalyses, precipitation and the turbulent fluxes of latent and sensible heat differ in nature from the prognostic state variables: 205 

they do not describe the atmosphere at an instant but represent transfers of mass and energy over a time interval, and are 

typically diagnosed from the evolving model state rather than analysed directly. They are generated by the model itself, with 

precipitation produced within the atmospheric column by the cloud microphysics and convection schemes, and the turbulent 

surface fluxes evaluated at the land–atmosphere interface from the model atmospheric state and the prescribed or simulated 

surface conditions (Betts et al., 1996). 210 

Simulating SWE and other land-surface variables requires a land-surface model with dedicated schemes for snow, soil, and 

vegetation processes. Two main configurations are commonly used for running such a model: offline and coupled (Masson et 

al., 2013). In an offline configuration, the land-surface model is driven by meteorological forcing fields and does not return 

energy or moisture fluxes to the atmosphere. These forcing fields may come directly from a global atmospheric reanalysis or 

from a regional atmospheric model or reanalysis that dynamically downscales a larger-scale driving system to higher resolution 215 

(Giorgi and Mearns, 1999; Laprise, 2008). In a coupled configuration, the land-surface scheme is integrated within the 

atmospheric model, and the two components exchange energy, moisture, and momentum continuously (Betts et al., 1996). 

Such coupling allows land–atmosphere feedbacks to develop, but also permits biases in either component to propagate through 

the coupled system (Santanello et al., 2018). The main characteristics of the three evaluated products, including their 

atmospheric forcing source, land-surface model, and coupling configuration, are summarised in Table 1. 220 

 

Table 1. Main characteristics of the large-scale land-surface products evaluated in this study. 

Dataset 
Spatial and temporal 

coverage 
Resolution Atmospheric model 

Land-surface 

model 
Produced by 

ERA5-Land 

(Muñoz-Sabater et al., 

2021) 

Global, 

1950–present 

~9 km, 

Hourly 

IFS (ERA5 atmospheric 

forcing) 
CHTESSEL 

ECMWF / 

Copernicus C3S 

CERRA-Land 

(Verrelle et al., 2022) 

Europe, 

1984–present 

5.5 km, 

3-hourly 

HARMONIE-ALADIN 

(CERRA atmospheric 

forcing) 

SURFEX 
ECMWF / 

Copernicus C3S 

VHR-REA_IT 

(Raffa et al., 2021) 

Italy, 

1981–present 

~2.2 km, 

Hourly 
COSMO-CLM TERRA-ML CMCC 

 

The fifth-generation ECMWF reanalysis ERA5 is the common upstream global reanalysis from which all three evaluated 

products derive their atmospheric information, though in different ways. ERA5 is produced within the Copernicus Climate 225 

Change Service based on the Integrated Forecasting System at approximately 31 km horizontal resolution (Hersbach et al., 

2020). Its atmospheric state is constrained through a hybrid incremental four-dimensional variational data assimilation system 
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(Courtier et al., 1994), in which observations are assimilated within 12-hour windows using short-range forecasts as the 

background. The assimilated observing system includes surface stations, radiosondes, aircraft, ships, buoys, and a large volume 

of satellite radiances (Soci et al., 2024).  230 

The differences in how each of the analysed products uses this common source are relevant for interpreting their SWE 

estimates: ERA5-Land is driven directly by ERA5 atmospheric forcing fields, CERRA-Land receives its forcing through the 

intermediate regional atmospheric reanalysis CERRA (Ridal et al., 2024), for which ERA5 provides lateral boundary 

conditions, and VHR-REA_IT uses ERA5 only as lateral boundary conditions within a fully coupled regional atmosphere–

land system. The following subsections describe each product in more detail, focusing on the atmospheric forcing chain and 235 

the snow scheme. 

3.2.1 ERA5-Land 

ERA5-Land is a global land-surface reanalysis produced by the European Centre for Medium-Range Weather Forecasts 

(ECMWF), providing land variables at approximately 9 -km (0.1°) resolution from 1950 to near-present (Muñoz-Sabater et 

al., 2021). The dataset is generated by running the CHTESSEL land-surface model (Balsamo et al., 2009) in offline mode, 240 

driven by atmospheric forcing derived from the ERA5 reanalysis (Hersbach et al., 2020). 

To achieve the higher spatial resolution, the forcing fields are spatially downscaled from ERA5's ~31 km grid to ERA5-Land's 

9 -km resolution. Precipitation is redistributed through linear interpolation from ERA5 to the 9 -km grid, without any further 

correction, whereas temperature, humidity, and pressure from ERA5's lowest model level (approximately 10 m above the 

surface) are interpolated and corrected for elevation differences using daily lapse rates. Notably, the 2-meter temperature is 245 

not directly downscaled from ERA5 but is computed internally by CHTESSEL from the surface energy balance: the model 

first solves for the skin temperature (i.e., the radiative temperature of the outermost surface) and then estimates the 2-meter 

temperature by interpolating between this value and the elevation-corrected 10-meter temperature. 

CHTESSEL uses a single-layer bulk snow scheme (Dutra et al., 2010) that represents the entire snowpack as a single 

homogeneous layer with uniform temperature, density, and liquid water content. In ERA5-Land, liquid and solid precipitation 250 

are inherited from the ERA5 forcing and then interpolated to the 9 -km ERA5-Land grid, so snowfall provides the solid input 

to the snow scheme rather than being diagnosed independently within the offline land-surface integration. The snow mass 

balance includes accumulation from snowfall, melting derived from the surface energy balance, and losses through 

sublimation. Snow density increases due to compaction and metamorphism, while snow albedo is reset toward its maximum 

after snowfall and then decays linearly during non-melting conditions and exponentially during melting conditions. The model 255 

lacks a dedicated glacier component; grid cells with more than 50 % ice cover are instead assigned a constant snow mass 

equivalent to 10 m water equivalent throughout the simulation. 
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ERA5-Land does not assimilate any land-surface observations; the only observational constraint enters the system through the 

assimilated atmospheric state of ERA5, from which the forcing fields are derived. Consequently, biases in the downscaled 

forcing fields can propagate into the SWE simulations without any observational correction at the land surface. 260 

3.2.2 CERRA-Land 

CERRA-Land provides European regional land-surface reanalysis at 5.5 -km resolution and three-hourly frequency, covering 

September 1984 to present (Verrelle et al., 2022). The dataset is generated by running the SURFEX v8.1 land-surface model 

(SURFace EXternalisée; Masson et al., 2013) in offline mode, driven by meteorological forcing from the parent CERRA 

regional atmospheric reanalysis.  265 

The CERRA atmospheric reanalysis (Ridal et al., 2024) is produced by running the HARMONIE-ALADIN regional 

atmospheric model (Bengtsson et al., 2017) at 5.5 -km resolution over Europe, with ERA5 providing the lateral boundary 

conditions. Within the regional domain, CERRA develops its own atmospheric fields through higher-resolution dynamics and 

data assimilation, using conventional observations, satellite radiances, atmospheric motion vectors, and GNSS radio 

occultation data to constrain the atmospheric state. CERRA-Land adds the land-surface component to this atmospheric system 270 

at the same 5.5 -km resolution. No land-surface observations are assimilated; however, before entering the land-surface model, 

the precipitation forcing undergoes a gauge-based correction. 

Precipitation forcing in CERRA-Land is based on a daily gauge-corrected precipitation analysis produced with MESCAN and 

temporally disaggregated to 3-hourly resolution. Liquid and solid precipitation inputs are then derived from this corrected 

precipitation forcing through rain-snow partitioning following Froidurot et al. (2014), using the near-surface atmospheric fields 275 

provided by CERRA. CERRA-Land is therefore the only evaluated product whose forcing chain includes an explicit gauge-

based correction of precipitation. Over Italy, however, the effectiveness of this adjustment is limited by the sparse gauge 

coverage available to MESCAN (Soci et al., 2016), so across much of the domain the precipitation forcing remains strongly 

dependent on the CERRA atmospheric model output. The 2 -m temperature, by contrast, is passed directly from the CERRA 

atmospheric reanalysis to CERRA-Land without re-computation, since HARMONIE-ALADIN already diagnoses 2 -m 280 

temperature as a standard output of the atmospheric model. This differs from ERA5-Land, where the 2 -m temperature is not 

taken from ERA5 but is derived internally by CHTESSEL through interpolation between the skin temperature solved from the 

surface energy balance and the elevation-corrected lowest-level atmospheric temperature. 

SURFEX implements snow processes through the ISBA-ES (Interactions between Soil, Biosphere, and Atmosphere, Explicit 

Snow) multi-layer scheme (Boone and Etchevers, 2001; Vionnet et al., 2012), which divides the snowpack into 12 layers 285 

(Decharme et al., 2016). EachThe scheme prognoses snow mass, density, and heat content for each layer carries prognostic 

variables for , together with snow albedo; temperature, density, and liquid water content, with  are diagnosed from heat content. 

Layers are thinner layers near the snow surface and the snow–soil interface to resolve melt processes.the diurnal cycle and 

snow–soil heat exchanges. The scheme simulates inter-layer heat transfer, liquid water percolation through a bucket approach, 

refreezing, and wind-driven densification, and computes the fullan explicit snow surface energy balance to determine snowmelt 290 
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rate (Esserygoverning snow warming and melt (Boone and Etchevers, 2001; Decharme et al., 20132016). This multi-layer 

structure allows the representation of vertical temperature gradients and internalvertical variations in snowpack properties and 

processes that single-layer schemes such as CHTESSEL cannot explicitly resolve. 

3.2.3 VHR-REA_IT 

The Very High-Resolution Reanalysis for Italy (VHR-REA_IT) is a regional dynamical downscaling product for Italy 295 

produced by the Centro Euro-Mediterraneo sui Cambiamenti Climatici (CMCC), providing hourly variables at 2.2 km (0.02°) 

resolution for the period 1981 to near-present (Raffa et al., 2021). Unlike ERA5-Land and CERRA-Land, VHR-REA_IT is 

not generated through an offline land-surface simulation. Instead, the COSMO-CLM regional atmospheric model (Rockel et 

al., 2008) and the TERRA-ML land-surface model (Schrodin and Heise, 2001) run as a fully coupled system, exchanging 

fluxes of energy and moisture at every timestep. 300 

Because VHR-REA_IT is produced with a fully coupled regional atmosphere–land modelling system, near-surface forcing 

fields are generated internally by the regional model rather than supplied through a separate offline forcing dataset. COSMO-

CLM generates its own atmospheric fields at convection-permitting resolution, where deep convection is explicitly resolved 

while only shallow convection is parameterised (Doms et al., 2024). The atmospheric model is driven at its lateral boundaries 

by ERA5, with boundary conditions updated every 3 hours; within the domain, the regional atmosphere evolves freely through 305 

its own dynamics (Loprieno et al., 2024). No observational data are assimilated within the regional domain, so the only 

observational constraint on VHR-REA_IT enters indirectly through the ERA5 lateral boundary conditions. The two-way 

coupling allows land–atmosphere feedbacks to develop, but also permits biases in either component to propagate through the 

coupled system. The atmospheric model provides the land-surface scheme with separate liquid and solid precipitation 

components, while their partitioning is determined within the atmospheric model. 310 

Snow processes are handled by TERRA-ML, which represents the land surface through multiple soil layers but treats the 

snowpack as a single bulk reservoir. Snow accumulation increases the water content of this reservoir, while melt is computed 

from the coupled surface energy and water balance and contributes liquid water to the soil system. The model also accounts 

for phase changes between liquid and frozen water at the surface and within the soil (Doms et al., 2024).  

4 Evaluation methodology 315 

4.1 Data processing and SWE comparison setup 

The comparison covers 14 snow-years from September 2010 to August 2024. The start of this period is determined by the 

availability of the IT-SNOW reference dataset, while the end date is constrained by the SCIA observational dataset (Desiato 

et al., 2007, 2011), which is used for the complementary forcing evaluation described in Sect. 4.2 and, at the time of this 

analysis, is available through the end of 2024. The analysis is restricted to grid cells where IT-SNOW mean annual SWE 320 
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exceeded 1 mm in at least one snow-year during the study period, so that the evaluation focuses on areas where seasonal snow 

is relevant, thereby excluding cells with generally negligible SWE. 

The SWE estimates were evaluated using three grid-scale indicators, each targeting a different aspect of snowpack 

representation: 

- mean annual SWE, computed by averaging daily SWE over each hydrological snow-year and then across the full 325 

study period, quantifies the overall snow mass estimated by each product. 

- snow cover duration (SCD), defined as the mean annual number of days with SWE exceedingat least 5 mm, 

characterises snowpack persistence; the 5 mm threshold was adopted to distinguish meaningful snow presence from 

marginal snow amounts, consistent with previous studies using the same threshold for snow-cover identification from 

SWE fields (Dawson et al., 2018; Di Marco et al., 2021; Jenicek et al., 2021; Matiu and Hanzer, 2022). It is to be 330 

underlined that, for consistency across datasets, SCD was derived directly from daily SWE values, for all products, 

rather than from the snow-cover-fraction fields (that are available in some of the products). 

- the Pearson correlation coefficient between the daily SWE series of each product and the IT-SNOW reference, 

calculated at each grid cell over the study period, evaluates the ability of each product to reproduce day-to-day 

snowpack variability irrespective of magnitude bias. 335 

The four datasets differ substantially in native resolution (IT-SNOW: ~500 m; VHR-REA_IT: 2.2 km; CERRA-Land: 5.5 -

km; ERA5-Land: ~9 km). Therefore, these indicators cannot be compared directly without spatial harmonisation. To enable a 

consistent quantitative intercomparison, the datasets were re-gridded to a common spatial framework (Lindsay et al., 2014; 

Mudryk et al., 2025). For mean annual SWE and SCD, the indicatorsannual indicator fields were first computed at each 

product's native resolution to preserve spatial gradients in complex terrain and to prevent the distortion of threshold-based 340 

statistics by prior spatial averaging (Matiu et al., 2021; Rajulapati et al., 2020). The resulting indicator fields were then re-

gridded to the coarsest grid (ERA5-Land, ~9 km) through first-order conservative remapping (Jones, 1999), and pixel-

wiseannual bias was obtainedcalculated at each common-grid cell by subtracting the IT-SNOW indicatorvalue from the 

corresponding product indicator on this common grid. Mean annual SWE and SCD are presented at native resolution to 

preservevalue. These annual differences were averaged across all the full detail of each product, while theirsnow-years to 345 

obtain the mean bias. Percentage bias was also computed as a complementary analysis and the resulting maps are shown on 

the common 9 km grid to allow a consistent quantitative comparisonin Supplement. Daily correlation required a different 

approach: because the Pearson coefficient must be computed from paired time series at matching grid cells, daily SWE fields 

were first re-gridded to the common 9 -km grid through first-order conservative remapping, and the correlation was then 

computed pixel-wise over the full study period. 350 

For each product and indicator, the statistical significance of mean annual SWE and SCD biases was assessed at each common-

grid cell by applying a two-tailed Student’s t-test to the time series of annual product–reference differences, testing whether 

their mean differed from zero. As discussed by Wilks (2016), interpreting numerous grid-cell tests without accounting for 
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multiple testing can overstate the spatial extent of significant differences because some results are significant by chance alone. 

The resulting p-values were therefore evaluated using the Benjamini–Hochberg procedure (Benjamini and Hochberg, 1995), 355 

which controls the false discovery rate (FDR), defined as the expected proportion of false rejections among all rejected null 

hypotheses. The procedure was applied separately across the evaluated grid cells for each product and indicator. An FDR 

control level of 0.10 was adopted following Wilks (2016), who recommends using twice the target global significance level to 

obtain an approximately 0.05 global test level in fields with moderate to strong spatial correlation. Statistical significance is 

shown in Supplement to preserve the legibility of the main bias maps. 360 

Finally, to obtain further insight into regional differences in product performance, the snow regime of each grid cell was also 

classified as seasonal or ephemeral according to snow persistence in the IT-SNOW reference. For each cell and snow-year, 

the longest sequence of consecutive days with SWE of at least 5 mm (the same threshold used for computing SCD) was 

identified, and its duration was averaged across all the snow-years. Following the 60-day persistence criterion (Sturm et al., 

1995; Petersky and Harpold, 2018), cells with a mean duration of at least 60 days were classified as seasonal and the remaining 365 

cells as ephemeral. Since the classification serves as an interpretative aid rather than an evaluation result, the resulting regime 

map is provided in Appendix Fig. A1. 

4.2 Complementary evaluation of atmospheric forcing 

Precipitation and temperature are the main atmospheric controls on snow accumulation and ablation, and biases in these fields 

can contribute to discrepancies in simulated SWE (Monteiro and Morin, 2023; Terzago et al., 2020). Evaluating the 370 

precipitation and temperature estimates of each offields associated with the three SWE products here analysed against an 

independent observational reference therefore provides useful context for interpreting the corresponding SWE discrepancies, 

although these discrepancies may also reflect other factors related to model structure and process representation. 

The meteorological observational reference used for this purpose is SCIA (Desiato et al., 2007, 2011), maintained by the Italian 

Institute for Environmental Protection and Research (ISPRA). SCIA provides daily gridded precipitation at 10 km resolution 375 

from 1961 onwards and daily minimum/ and maximum 2-m air temperature at 5 km resolution from 1981 onwards, both 

derived from a high-density network of regional meteorological stations. The dataset has been widely adopted as a reference 

in Italian hydrological studies (e.g., Moccia et al., 2025; Sarigil et al., 2024), and its availability through the end of 2024 at the 

time of this analysis defines the end date of the study period adopted in this work. 

For both the SCIA reference and each evaluated product, mean annual and seasonal biases in precipitation depths and 380 

temperature relative to SCIAmean 2-m air temperatures were computedfirst calculated at native resolutionresolutions and then 

re-gridded to the common 9 -km grid following the same procedure described in Sect. 4.1. These comparisonsLong-term mean 

annual and seasonal bias maps of each product against SCIA were thus calculated and used as a complementary diagnostic to 

support the interpretation of the SWE evaluation. 

Given that a comprehensive standalone assessment of gridded meteorological products over Italy is not the main scope of this 385 

study, the forcing comparison ismean annual and seasonal bias fields are presented in the Appendices rather than in the main 
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text: Appendix AB reports the mean annual biases (Fig. A1B1 for precipitation, Fig. A2B2 for temperature), and Appendix 

BC reports the seasonal biases in precipitation, temperature, and SWE for each product (Fig. B1C1 for ERA5-Land, Fig. B2C2 

for CERRA-Land, Fig. B3C3 for VHR-REA_IT). These figures are referenced throughout Sect. 5 to support the interpretation 

of the SWE evaluation results. 390 

In addition, the statistical significance of the mean annual precipitation and temperature biases was assessed using the same 

paired t test and false discovery rate (FDR) procedure described in Sect. 4.1, with SCIA as the reference. To preserve the 

legibility of the bias maps in Appendix Figs. B1 and B2, the results of the FDR-screening are shown in the corresponding 

expanded Supplement (Figs. S3 and S4).  

5 Results and discussion 395 

5.1 Mean annual SWE 

The initial phase of the assessment is the comparison of the mean annual SWE estimates from each product. The results are 

presented in Fig. 3: figure's top row (panels a–d) displays the mean annual SWE from the IT-SNOW reference and the three 

land-surface products at their native resolution, allowing for a direct visualisation of their respective spatial distributions and 

magnitudes; in addition, to quantify the discrepancies from the reference data, the second row (panels e–g) presents bias maps 400 

calculated as the difference between each of the three land-surface products and the reference (Product − IT-SNOW), so that 

negative (red colour) values represent where the product underestimates the reference values and positive (blue colour) values 

represent an overestimation. For this comparison, the datasets resampled to the ERA5-Land resolution are used. 
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Figure 3. Comparison of mean annual snow water equivalent (SWE) for the period September 2010–August 2024. (a–d) Mean annual 405 
SWE maps for the IT-SNOW reference dataset and the three land-surface products at their native resolutions. (e–g) Spatial bias 

maps (Product – IT-SNOW) resampled to the common 9 -km grid. 

Looking at this figure, several key patterns can be appreciated. All the datasets (top panels a–d) confirm overall the expected 

elevation-dependent distribution of snow water equivalent, with highest accumulations concentrated in the high Alpine regions 

of northern Italy and the Apennine spine. On the other hand, significant differences are observed among the products 410 

(highlighted by bias in mean annual SWE, see panels e–g), especially at high elevations where the largest SWE values occur. 

The three land-surface products (panels b–d) broadly reproduce the spatial distribution of SWE shown by the IT-SNOW 

reference (panel a), with the highest mean annual SWE values in the high Alps and along the Apennine ridge. The agreement, 

however, is largely confined to this overall pattern: the bias maps (panels e–g) show product–reference differences that are 

largest at high elevations, where mean annual SWE itself is the greatest, and that differ in sign among the products. Supplement 415 

Fig. S1 presents an expanded version of this figure, adding percentage-bias panels and marking the cells whose biases are not 

significant after false discovery rate (FDR) screening. Where reference SWE is substantial, the percentage-bias panels largely 

mirror the absolute-bias pattern; where it is small, however, even small absolute differences can yield large percentage biases, 

which should therefore be interpreted with caution (Fig. S1, panels h–j). Across all products, cells with non-significant biases 
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are generally confined to areas with the smallest bias values, whereas large biases are statistically significant (Fig. S1, panels 420 

e–g). Overall, this provides confidence in the validity of the mean SWE bias analysis, as the most prominent discrepancies 

prove to be statistically robust. 

Considering the mean annual SWE estimates in more detail, we note that the coarse spatial resolution of ERA5-Land appears 

to limit its ability to capturesmooths out the high spatial variability of SWE across the study area (panel b). Besides, theThe 

bias map (panel e) shows large positive biases over much of the high Alpine region, alongside some localised negative values, 425 

whereas the Apennines and lowlands show widespread underestimation. This tendency for ERA5-Land to overestimate SWE 

at high Alpine elevations is The concentration of the overestimation in the highest mountain areas is consistent with findings 

from other mountainous regions: for example, what has been reported by Kouki et al. (2023) reported that ERA5-Land 

overestimates total), who attributed the ERA5-Land overestimation (150–200 %) of the spring SWE over the entire Northern 

Hemisphere SWE by 150–200 % in spring, mainly because of veryto excessively high SWE values in the major mountain 430 

regions. In the Alps, particularly in the north-western and central sectors, theThe comparison of the meteorological forcing 

indicatesat seasonal scale (Fig. C1) shows that ERA5-Land exhibits positive winter precipitation biases together with negative 

winter temperature biases for ERA5-Land (Fig. B1, panel bacross the Alps, strongest over the north-western sector (Fig. C1, 

panels b and f), in agreement with Cavalleri et al. (2024a, b), Dalla Torre et al. (2024), and Sarigil et al. (2024). Together, 

these winter biases favour enhanced snow accumulation, with subsequent persistence into spring. The seasonal analysis (Fig. 435 

B1) shows that this pattern is already established during the accumulation season, particularly in the north-western Alps, where 

autumn–winterThe co-occurrence of higher precipitation excess coincides with colder-than-observed conditions. The resulting 

SWE overestimation is therefore and lower temperatures in winter is consistent with biases established during theenhanced 

snow accumulation period and maintainedwith positive SWE biases that persist into spring (Fig. B1C1, panels i–k). However, 

another potential explanation for such biases was given by Orsolini et al. (2019), who identified the discontinuation of snow-440 

cover assimilation from the Interactive Multisensor Snow and Ice Mapping System (IMS) above 1500 m a.s.l. as a possible 

further contributor to high-elevation snow biases in ERA5 over the Tibetan Plateau, since the simulated snow cover at these 

elevations is no longer corrected by observed snow cover. The same restriction applies over the Alps, where excessive snow 

cover in ERA5 could increase surface albedo, artificially lowering near-surface temperatures; these cold biases could then be 

propagated into ERA5-Land, which relies on ERA5 meteorology as its atmospheric forcing. Moreover, snow–albedo 445 

interactions could also reinforce the positive SWE bias within ERA5-Land itself: within CHTESSEL, an excessive snowpack 

could prolong snow cover and maintain a higher surface albedo, reducing absorbed shortwave radiation and the energy 

available for melt, thereby further delaying snow depletion. In the Apennines, the interpretationwhere snow is predominantly 

ephemeral and seasonal snow cells are largely confined to the highest elevations and most extensive over the central massifs 

(Fig. A1), the relationship between SWE biases and seasonal forcing biases is less straightforward. In the northern Apennines, 450 

the negative SWE bias is mainly consistent with a precipitation deficit rather than due towith temperature impactsbiases: both 

autumn and winter precipitation are underestimated, limiting snow accumulation sincefrom the onset of the season, whereas 
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later anomalies are too weak or too late to offset the winter deficit (Fig. B1C1, panels a–d). In the central Apennines, however, 

the seasonal forcing biases alone do not fullyreadily explain the negative SWE bias. Winter: winter precipitation isbiases are 

near -neutral to weakly positive, while temperatures remain below the reference during and winter, temperature biases are 455 

negative (Fig. C1, panels b and f), conditions that would be expected to favour rather than suppress snow accumulation. This 

suggests that additionalapparent inconsistency may reflect factors, such as land-surface model physics or snow 

parameterisation, also contribute to the simulated deficit.  not resolved by the seasonal precipitation and temperature averages, 

including differences in precipitation-phase estimation, the limited representation of the high-elevation massifs on the 9-km 

grid, and differences in the representation of snow processes such as ablation. Ablation, in particular, can be relevant even 460 

during the accumulation season: in evaluations of ERA5-Land and other global products in High Mountain Asia (Liu et al., 

2022) and in the western United States and the Andes (Fang et al., 2023), accumulation-season snow losses contributed to 

inter-product differences in SWE estimation. 

CERRA-Land demonstrates an improvement in reproducing the spatial variability of mean annual SWE compared to ERA5-

Land, attributablethanks to its higherfiner 5.5 -km resolutiongrid spacing (Fig. 3, panel c). However, despite this improved 465 

spatial detail, annual SWE remains negatively biased in most regions, with some localised exceptions (panel f). In the Alps, 

unlike ERA5-Land which produces marked overestimation due to the combined and uniform, strong and spatially coherent 

precipitation and temperature biases, CERRA-Land SWE is influenced by an overall weak underestimation of temperature 

during the snow season (Fig. B2C2, panels e–g) and a much more varying pattern of precipitation biases (Fig. B2C2, panels 

a–dc). In the central and eastern Alps, autumn precipitation bias is scattered and changes across the valleys (Fig. B2C2, panel 470 

a), while in winter it is overall weakly negative (Fig. B2C2, panel b). Such a forcing pattern only partially explains the strong 

negative SWE bias in the same region, since the weak cold bias would favour rather than suppress snow accumulation and 

retention. This suggests that the observed deficit may reflect not only forcing errors but also processes internal to the snow 

modelling chain, although dedicated process-level diagnostics would be required to identify the specific mechanisms involved. 

The main Alpine exception is the north-western Alps, where positive autumn–winter precipitation biases (Fig. B2C2, panels 475 

a–b) and colder conditions (Fig. B2C2, panels e–f) shiftproduce the regional mean SWE bias intoonly spatially coherent 

patches of positive valuesSWE bias, although the cell-level pattern remains heterogeneous. However, interpretation of the 

SWE pattern in areas very close to the national border should nevertheless remain cautious since the reference datasets are less 

robust there: IT-SNOW assimilates fewer observations there (Avanzi et al., 2023), and SCIA does not extend beyond the 

national border; in addition, gauge station density is also limited in such high-elevation areas. Across the Apennine chain, 480 

instead, the attribution is more direct: precipitation deficit is strongest during autumn and winter, especially in the north, 

leading to negative SWE biases during the main accumulation season despite the overall weak cold bias, especially in the 

north. The negative SWE bias is therefore directionally consistent with the precipitation deficit..  

VHR-REA_IT exhibits the most spatially widespread negative SWE biases among the evaluated products, despite having the 

highest spatial resolution (~2.2 km) (Fig. 3, panels d and g). A strong negative SWE bias characterises much of the domain, 485 
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although some high-elevation Alpine areas show locally positive anomalies during the early accumulation season (Fig. B3C3, 

panels i–j). The joint seasonal analysis reveals a seasonal asymmetry in the temperature bias, with a cold bias in winter 

transitioning to a strong warm bias in summer (Fig. B3C3, panels f and h), consistent with documented evaluations of the 

COSMO-CLM atmospheric fields over Italy (Adinolfi et al., 2023; Cavalleri et al., 2024a; Loprieno et al., 2024; Raffa et al., 

2021). However, the seasonal meteorological forcing does not fully account for the SWE underestimation in several 490 

subregions. In the Alps, winter precipitation is generally overestimated and winter temperatures are colder than the reference 

(Fig. B3C3, panels b and f), conditions that should favour snow accumulation, yet SWE bias remains negative in all three 

Alpine subregions. Similarly, in the central Apennines, precipitation becomes weakly positive in winter while temperatures 

remain below the reference, yet SWE bias remains negative during the accumulation season (Fig. B3C3, panels i–k). Only in 

the northern Apennines do autumn–winter precipitation deficits provide a more direct explanation, although the persistence of 495 

negative SWE bias beyond winter suggests that precipitation deficit alone is insufficient to explain the full anomaly. The 

persistence of negative SWE biases under autumn–winter forcing conditions that would otherwise favour snow accumulation 

points to structural factors in the modelling chain. Unlike ERA5-Land and CERRA-Land, which are offline simulations driven 

by observationally constrained reanalysis forcing, VHR-REA_IT is a free-running dynamical downscaling in which COSMO-

CLM and its land-surface scheme TERRA-ML operate as a fully coupled atmosphere–land system (Raffa et al., 2021), with 500 

no observations assimilated within the regional domain. Any initial negative SWE perturbation generated within this 

configuration, whether originating in the snow scheme structure, in model parameters, or in the internal forcing, can then be 

reinforced rather than corrected by the coupled atmosphere and land components: a reduction in simulated SWE lowers surface 

albedo, warms the lower boundary layer, and promotes further melt through land-–atmosphere feedbacks (Santanello et al., 

2018) that are not represented in the same two-way form in the offline configurations of the other two products. Finer resolution 505 

and two-way coupling therefore do not by themselves guarantee more accurate SWE estimates, underscoring the importance 

of observational constraints in high-resolution applications (Fang et al., 2023). 

5.2 Snow cover duration 

Beyond mean annual SWE magnitudes, snow cover duration (SCD), defined in Sect. 4.1 as the mean annual number of days 

with SWE exceedingat least 5 mm, provides complementary insights into snowpack temporal dynamics. In fact, SCD helps to 510 

better capture the integrated effects of meteorological and topographic factors, including temperature regimes, precipitation 

patterns, elevation, and energy balance processes, that collectively determine snow persistence. As a diagnostic variable, we 

used SCD for assessing the performance of the evaluated products across the complete seasonal cycle, as it integrates 

cumulative effects of biases in both accumulation and melting processes that may not be evident in mean SWE comparisons. 

Analogously to Fig. 3, Fig. 4 presents the spatial distribution of mean annual SCD for each dataset (panels a–d) at their native 515 

resolution and the corresponding biases relative to IT-SNOW (panels e–g) on the common resampled 9 -km grid. 
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Figure 4. Comparison of mean annual snow cover duration (SCD) for the period September 2010–August 2024. (a–d) Mean annual 

SCD maps for the IT-SNOW reference dataset and the three land-surface products at their native resolutions. (e–g) Spatial bias 520 
maps (Product – IT-SNOW) showing the difference in SCD in days with common 9 -km grid. 

The SCD maps (Fig. 4, top panels a–d) confirm a common elevation-dependent spatial pattern alongacross the country, 

consistent with mean annual SWE in Fig. 3. However, the bias analysis (bottom panels e–g) shows patterns that differ partially 

differ from the mean annual SWE biases (Fig. 3), indicating that biases in total snow mass do not always correspond to biases 

in snow cover persistence. Similarly to what showed for mean SWE bias, Supplement Fig. S2 complements these maps with 525 

percentage-bias panels and marking the cells whose biases are not significant after FDR screening. In the percentage-bias 

panels, the largest relative biases generally occur in lowland, southern and insular cells, where reference SCD is short (Fig. 

S2, panels h–j). As for mean annual SWE, the largest SCD biases are generally statistically significant, whereas non-significant 

cells mainly occur where biases are the smallest (Fig. S2, panels e–g).  

ERA5-Land (panel e) displays a spatially heterogeneous SCD bias pattern that broadly mirrors the mean annual SWE biases 530 

(Fig. 3, panel e), with overestimation overconcentrated in the Alpine regionAlps and predominantly negative biases across the 

Apennines and southern Italy. Over the Alps, the positive SCD bias is the strongest and most spatially coherent in the north-

western sector, extending across the high-elevation areas where mean annual SCD is already longest, and weakens 

progressively towards the central and eastern sectors. This overestimation is consistent with the broader literature, which 
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identifies prolonged snow cover as a characteristic bias of ERA5-Land over high mountain areas (Kouki et al., 2023; Monteiro 535 

and Morin, 2023). Over the European Alps specifically, Monteiro and Morin (2023) found ERA5-Land exhibiting the strongest 

and most spatially extensive SCD overestimation among all evaluated datasets when compared against MODIS satellite 

observations, with the largest discrepancies occurring at the melt-out date. Urraca and Gobron (2023), evaluating ERA5-Land 

against ground stations in the Northern Hemisphere, attributed the systematic positive SCD bias to the tendency of the 

CHTESSEL land-surface model to overestimate snow depth, likely due to excessive snowfall in the forcing. As discussed in 540 

Sect. 5.1, the combination of overestimated precipitation and persistent temperature underestimation over this regionthe north-

western Alps inflates both snow accumulation and snow persistence, and the SCD overestimation confirms that these forcing 

biases translate into prolonged snow cover seasons. In the Apennines, SCD biases are predominantly negative but vary across 

subregions. The northern Apennines show the most widespread underestimation, consistent with the autumn and winter 

precipitation deficits identified for these sectors in Sect. 5.1, which limit the number of days on which SWE exceeds theis at 545 

least 5 mm threshold and thus shorten the simulated snow season. A similarly widespread negative SCD bias is observed across 

the southern Apennines. The central Apennines display a more mixed pattern: although mean annual SWE is underestimated 

across this subregion, a notable fraction of cells exhibits locally positive SCD biases, likely due to the winter and spring weak 

but persistent cold bias (Fig. B1, panels f–g) that favours snow retentionmixed pattern: negative SCD biases over the higher 

massifs occur alongside locally positive biases in lower-lying areas, where reference SCD is short and SWE is also slightly 550 

overestimated. The drivers of this mixed, elevation-dependent pattern are difficult to isolate. It may stem from the same 

combination of factors hypothesized in Sect. 5.1 for the mean SWE biases, such as the coarse grid representation of the 

topography and unresolved local snow processes. 

CERRA-Land shows a more moderate Alpine SCD overestimation than ERA5-Land, while maintaining negative biases across 

the Apennines. (Fig. 4, panel f). With the exception of some valleys in the central-eastern Alps, where the product 555 

underestimates SCD, most of the Alps show positive SCD bias, with the strongest and most spatially coherent overestimation 

occurring over the north-western portion of the chain, near the Swiss and French borders. This pattern aligns with the findings 

of Monteiro and Morin (2023), who reported that CERRA-Land particularly overestimates SCD over the western Italian Alps 

when compared against MODIS satellite observations. As discussed in Sect. 5.1, this subregion represents a notable exception 

to the general pattern, with seasonalpositive autumn–winter precipitation overestimated throughout the year alongside a 560 

persistent cold bias,biases and colder conditions thatin this subregion favour both excessive accumulation and prolonged snow 

retention. Over the most eastern Alps, the positive SCD bias is weaker but still present, consistent with the comparatively 

modest annual SWE biases in these sectors. Across all three Apennine subregions and southern Italy, CERRA-Land 

underestimates SCD, with the strongest negative bias in the northern Apennines, consistent with the most severe precipitation 

deficits in the snow accumulation season identified in Sect. 5.1 (Fig. B2C2, panels a and b). In the central and southern 565 

Apennines, negative SCD biases follow the same attribution discussed for mean annual SWE: autumn and winter precipitation 
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is underestimated while theunderestimation likewise coincides with negative SCD biases, whereas positive bias isprecipitation 

biases are concentrated in the warmer seasons and therefore provide little support for snow persistence. 

VHR-REA_IT (panel g) underestimates SCD across all subregions in both the Alps and the Apennines. Unlike ERA5-Land 

and CERRA-Land, which show opposing SCD bias signs between the Alps and the Apennines, VHR-REA_IT is the only 570 

product with consistently negative SCD biases across all subregions. Within the Alps, the underestimation intensifies from the 

north-western sector towards the central and eastern sectors, where the SCD deficit is the largest among all subregions despite 

winter precipitation overestimation and cold temperature biases (Fig. B3C3, panels b and f), reinforcingsuggesting that forcing 

biases alone cannot explain the hypothesispattern and that the attribution may be found in the snow -model structure or 

parametersparameterisation may have an important role, as discussed for mean annual SWE. Overall, VHR-REA_IT exhibits 575 

the poorest SCD performance among the three evaluated products. 

5.3 Temporal correlation of daily SWE 

To complement the assessment of annual snowpack characteristics, we evaluated how well each product reproduces the day-

to-day variability of SWE through temporal correlation analysis. The Pearson correlation coefficient (r) was calculated at each 

grid cell between the daily SWE time series of each product and of the IT-SNOW reference, for the entire study period 580 

(September 2010–August 2024), following resampling to the common ERA5-Land 9 -km spatial resolution. The results are 

presented in Fig. 5, which displays spatial maps of the correlation coefficients, providing a direct visual assessment of temporal 

correspondence between simulated and reference snowpack dynamics across Italy.  

 

 585 
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Figure 5. Temporal correlation of daily snow water equivalent (SWE) between each evaluated product and the IT-SNOW reference 

for the period September 2010–August 2024. The maps display the Pearson correlation coefficient (r) for (a) ERA5-Land, (b) 

CERRA-Land, and (c) VHR-REA_IT with common grid at 9 -km resolution. 

Overall, ERA5-Land demonstrates the highest daily correlations among the three products, with the strongest agreement in the 590 

Alpine region and weaker but still comparatively better performance in the Apennines. Despite the substantial overestimation 

of SWE magnitude at higher elevations documented in Sect. 5.1, the temporal variability of the simulated snowpack remains 

broadly consistent with the reference, particularly in the Alps. This is consistent with the offline product architecture described 

in Sect. 3.2.1: as ERA5's atmospheric data assimilation constrains the sequence and timing of synoptic weather events, the 

forcing inherited by CHTESSEL is expected to preserve realistic temporal patterns even where simulated mean annual SWE 595 

and SCD are biased at the land surface. Similar behaviour has been reported in other mountainous regions, where ERA5-Land 

maintains reasonable temporal consistency with the reference despite substantial magnitude biases: over parts of Iran, ERA5-

Land preserves temporal consistency while overestimating snow depth (Majidi et al., 2025), and over parts of Canada it does 

so while underestimating SWE (Kanda and Fletcher, 2024). 

CERRA-Land shows daily correlation patterns broadly comparable to ERA5-Land across the Alpine region, with similar 600 

spatial structure and only slightly lower coefficients in the north-western sector. In the Apennines, however, the correlation 

weakens more substantially than for ERA5-Land, particularly in the northern sector. This stronger degradation is consistent 

with the more severe autumn and winter precipitation deficits in CERRA-Land's forcing over the Apennines discussed in Sect. 

5.1 (Fig. B2C2, panels a and b), which exceed those of ERA5-Land in the same subregions. In these lower-elevation Apennine 

regions, where snow cover is more intermittent, such deficits are more likely to reduce the simulated duration and continuity 605 

of snow cover during periods when the reference indicates snow presence, thereby affecting not only snow amount but also 

snow persistence and weakening the temporal correspondence of daily SWE with the reference time series. 

VHR-REA_IT exhibits markedly poorer performance in capturing daily SWE dynamics, with substantially lower daily 

correlations throughout most of Italy, particularly in the Apennines and at lower elevations, where coefficients 

oftencorrelations fall below 0.4into the lowest class of the colour scale. This weak temporal correspondence is consistent with 610 
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VHR-REA_IT's systematic underestimation of both mean annual SWE and SCD documented in Sections 5.1 and 5.2. The 

severe underestimation of SWE produces frequent zero or near-zero values when a substantial snowpack should exist, thereby 

degrading the correlation. Therefore, the model fails to capture day-to-day variability for snow that it incorrectly simulates as 

absent. 

6 Conclusions 615 

This study evaluated SWE estimates from three land-surface land-surface products, ERA5-Land, CERRA-Land, and VHR-

REA_IT, against the IT-SNOW reference over Italy using three complementary indicators: mean annual SWE, snow cover 

duration, and temporal correlation of daily SWE series. To support the interpretation of the identified SWE discrepancies, the 

analysis also incorporated a complementary evaluation of the products’ precipitation and temperature biases relative to the 

gauge-based national reference SCIA fields. The results show that product performance varies across the different Italian 620 

mountain regions and different indications may be drawn from the evaluation metrics. The complementary precipitation and 

temperature analysis helps to attribute a substantial part of the SWE differences to their meteorological origins, although in 

some regions and products the forcing biases alone do not fully account for the SWE discrepancies. (Liu et al., 2022; Fang et 

al., 2023). 

Among the three products, ERA5-Land showed the strongest positive biases in mean annual SWE and snow cover duration in 625 

the Alpine domain, especially in the north-western and central Alps, where precipitation overestimation and persistent cold 

biases favour both excessive accumulation and prolonged snow persistence. In the Apennines, by contrast, ERA5-Land 

generally underestimated both mean SWE and snow cover duration, consistent with autumn and winter precipitation deficits 

that limit snow accumulation. Despite these magnitude biases, ERA5-Land achieved the strongest temporal correlations with 

IT-SNOW daily time series, indicating that it reproduces day-to-day snowpack variability more faithfully than the other 630 

products. CERRA-Land reproduced spatial SWE patterns in more detail than ERA5-Land due to its finer resolution, but still 

underestimated mean SWE across most analysed subregions, with the main exception of the north-western Alps. In the central 

and eastern Alps, CERRA-Land exhibits negative mean annual SWE bias alongside positive SCD bias, suggesting that the 

snowpack, while smaller in total mass, persists longer than indicated by the reference. This is consistent with the persistent 

cold bias across the snow season in these subregions, which may delay melt onset and extend the snow-covered period even 635 

where accumulation is limited by a weak underestimation of winter precipitation. In the Apennines, CERRA-Land showed 

broadly negative mean SWE and SCD biases, with the strongest deficits in the northern Apennines. VHR-REA_IT exhibited 

the poorest overall performance, with the most spatially widespread underestimation of SWE and SCD and the weakest daily 

correlations. The systematic underestimation of snow mass is the central limitation: by reducing the simulated snowpack, it 

shortens the snow-covered period and introduces prolonged mismatches with the reference time series, which in turn degrade 640 

the temporal correspondence. The results suggest that these limitations are consistent with the absence of observational 

assimilation within the regional domain: unlike ERA5-Land and CERRA-Land, whose forcing fields inherit observational 
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constraints from their parent atmospheric reanalyses, VHR-REA_IT meteorological fields evolve freely within its boundaries, 

leaving biases generated during the simulation uncorrected. This is notable given that VHR-REA_IT combines the finest grid 

spacing with the most complete land–atmosphere coupling among the evaluated products: higher resolution alone does not 645 

guarantee more accurate SWE, and the assimilation of meteorological observations remains essential in high-resolution 

applications. A full understanding of the remaining discrepancies will require dedicated process-level and sensitivity analyses 

to isolate the respective roles of forcing, snow model structure, and coupled land–atmosphere feedbacks, which are beyond 

the scope of this work. 

A central motivation of this study was to assess whether any of the evaluated products could be reliably used for extending 650 

SWE information beyond the relatively short IT-SNOW period. In this respect, ERA5-Land appears to be the most promising 

candidate, not so much because it provides the most accurate snow magnitudes, but because it shows the highest temporal 

fidelity across much of the domain. This may support applications focused on interannual variability, anomaly detection, or 

standardised snow indices, provided that the consistency of bias characteristics over time is carefully assessed, and systematic 

biases are accounted for, before its use in long-term hydro-climatological analyses. CERRA-Land also shows potential, 655 

particularly in parts of the Alpine domain, but its performance over the entirety of Italy appears limited by the quality of 

precipitation forcing. Given that CERRA-Land precipitation is refined through the MESCAN analysis system, the contrast 

between the present results and more favourable findings reported elsewhere in Europe (Monteiro and Morin, 2023) suggests 

that the gauge density of the assimilated precipitation plays an important role in controlling its added value. VHR-REA_IT, in 

its current form, does not provide a sufficiently reliable basis for record extension, although its convection-permitting 660 

resolution and fully coupled architecture represent a physically more ambitious framework than the offline configurations of 

the other two products; realising this potential would likely require the incorporation of observational constraints within the 

regional domain. 

More broadly, this study shows that evaluating SWE products jointly with the meteorological fields that drive the snow 

accumulation and melt modelling allows a more comprehensive interpretation of their differences and of the performance 665 

indicators, since it helps to distinguish where SWE biases are primarily consistent with forcing errors and where additional 

factors related to snow process representation are likely involved. This provides a transferable evaluation framework for other 

regions where benchmark snow datasets are available for a limited period only.  
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Appendices 

Appendix A: Seasonal and ephemeral snow regimes over the study domain 670 

 

Figure A1. Seasonal and ephemeral snow regimes over the study domain, derived from the IT-SNOW daily SWE series for the 

period September 2010–August 2024. Grey shading marks the cells outside the analysis domain. 
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Appendix B: Mean annual precipitation and temperature biases 

 

Figure A1B1. Comparison of mean annual precipitation for the period September 2010–August 2024. (a–d) Mean annual 

precipitation maps for the SCIA reference dataset and the three land-surface products (ERA5-Land, CERRA-Land, VHR-REA_IT) 685 
at their native resolutions. (e–g) Spatial bias maps (Product – SCIA) showing the difference in precipitation between each of the 

three land-surface products and the reference dataset, resampled to a common 9 -km grid. Positive values indicate overestimation; 

negative values indicate underestimation. 
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 690 

Figure A2B2. Comparison of mean annual temperature for the period September 2010–August 2024. (a–d) Mean annual 

temperature maps for the SCIA reference dataset and three land-surface products (ERA5-Land, CERRA-Land, VHR-REA_IT) at 

their native resolutions. (e–g) Spatial bias maps (Product – SCIA) showing the difference in temperature between each of the three 

land-surface products and the reference dataset, resampled to a common 9 -km grid. Positive values indicate warm bias; negative 

values indicate cold bias. 695 
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Appendix BC: Mean seasonal biases in precipitation, temperature and SWE 

 705 
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Figure B1C1. Seasonal biases in precipitation, temperature, and snow water equivalent for ERA5-Land relative to reference datasets 

(SCIA for precipitation and temperature; IT-SNOW for SWE) for the period September 2010–August 2024. The first row (a–d) 

shows precipitation bias (ERA5-Land – SCIA), the second row (e–h) shows temperature bias (ERA5-Land – SCIA), and the third 

row (i–l) shows SWE bias (ERA5-Land – IT-SNOW). Each column represents the calendar season: (a, e, i) Autumn (September–710 
November), (b, f, j) Winter (December–February), (c, g, k) Spring (March–May), and (d, h, l) Summer (June–August). All bias maps 

are resampled to a common 9 -km grid. Positive values indicate overestimation by ERA5-Land; negative values indicate 

underestimation. 



 

33 

 

 



 

34 

 

 715 

Figure B2C2. Seasonal biases in precipitation, temperature, and snow water equivalent for CERRA-Land relative to reference 

datasets (SCIA for precipitation and temperature; IT-SNOW for SWE) for the period September 2010–August 2024. The first row 

(a–d) shows precipitation bias (CERRA-Land – SCIA), the second row (e–h) shows temperature bias (CERRA – SCIA), and the 

third row (i–l) shows SWE bias (CERRA-Land – IT-SNOW). Each column represents the calendar season: (a, e, i) Autumn 

(September–November), (b, f, j) Winter (December–February), (c, g, k) Spring (March–May), and (d, h, l) Summer (June–August). 720 
All bias maps are resampled to a common 9 -km grid. Positive values indicate overestimation by CERRA-Land; negative values 

indicate underestimation. 
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Figure B3C3. Seasonal biases in precipitation, temperature, and snow water equivalent for VHR-REA_IT relative to reference 725 
datasets (SCIA for precipitation and temperature; IT-SNOW for SWE) for the period September 2010–August 2024. The first row 

(a–d) shows precipitation bias (VHR-REA_IT – SCIA), the second row (e–h) shows temperature bias (VHR-REA_IT – SCIA), and 

the third row (i–l) shows SWE bias (VHR-REA_IT – IT-SNOW). Each column represents the calendar season: (a, e, i) Autumn 

(September–November), (b, f, j) Winter (December–February), (c, g, k) Spring (March–May), and (d, h, l) Summer (June–August). 

All bias maps are resampled to a common 9 -km grid. Positive values indicate overestimation by VHR-REA_IT; negative values 730 
indicate underestimation. 
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