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Abstract. This paper introduces the "snow barrel" method, a new approach to integrate satellite-derived snow observations into

Numerical Weather Prediction (NWP) models. Snow is a key component of the environment, helping to regulate surface tem-

perature, atmospheric and soil conditions, and playing a key role in the water cycle. However, assimilating satellite snow data

into NWP models remains challenging due to resolution mismatches and the complexity of handling snow extent observations.

The snow barrel method addresses these challenges by aggregating satellite pixel observations from the EUMETSAT H-SAF5

H32 intermediate product into 10×10 pixel areas and creating pseudo-observations that align with NWP model scales. Imple-

mented within the HARMONIE-AROME model in the MetCoOp operational domain covering northern Europe, this approach

selectively applies snow barrel observations where they conflict with the model’s background field, particularly in regions

with thin or patchy snow cover. The results demonstrate improved representation of snow cover during the transitional sea-

sons without disrupting areas of solid cover or imposing a significant computational burden. The method effectively combines10

the spatial coverage advantages of satellite data with the precision of in situ measurements, particularly benefiting areas with

sparse ground observations. Although constrained by cloud cover and lighting conditions inherent to optical satellite products,

the snow barrel methodology offers a flexible framework that could be expanded to other satellite platforms and potentially

adapted for additional surface parameters beyond snow cover.

1 Introduction15

Snow plays a critical role in the environmental system as a key regulator of many natural processes. Snow on the ground

influences the atmosphere and soil over different timescales by altering the surface heat balance. Snow acts as an insula-

tor, protecting the soil from atmospheric influence, increasing surface albedo, and absorbing heat during the melting process

(Zhang, 2005). The accumulation and melting of snow are vital components of the hydrological cycle, which impact the water

supply for natural ecosystems, agriculture, and hydropower resources. In addition, snow can pose natural hazards, such as20

floods and avalanches, and create transportation challenges (Wang et al., 2022).

Snow cover typically evolves seasonally, with accumulation of snow during the colder months and melting of it as temper-

atures rise. The duration and extent of snow cover depend on local climate conditions, with polar and high-altitude regions

experiencing persistent snow cover, while temperate zones may see intermittent or seasonal snow. Snow cover is rarely uni-

1

https://doi.org/10.5194/egusphere-2026-1408
Preprint. Discussion started: 2 June 2026
c© Author(s) 2026. CC BY 4.0 License.



form, as it is influenced by factors such as terrain, vegetation, wind patterns, and solar radiation. Uneven snow distribution25

can affect local weather. Patches of snow retain cold conditions longer, while exposed areas warm more quickly (Marsh et al.,

1997). Therefore, obtaining accurate spatial and temporal information on snow cover is essential to understand and predict its

environmental and societal impacts.

Snow can be characterised through several key parameters. The most straightforward is the depth of the snow, which quan-

tifies the thickness of the snow layer in metres. However, snow density can vary widely, meaning that the snowpack in two30

points with the same depth may contain very different amounts of water. A more comprehensive metric used in snow studies

is Snow Water Equivalent (SWE), which quantifies the water content within a snowpack, typically measured in kilogrammes

per square metre (kg/m2). SWE is particularly useful for NWP models, as it provides a more detailed representation of the

characteristics of snow, influencing the predictions of the energy required for snow melting and the available water resources.

Snow can also be characterised by area coverage, usually by using remote sensing instruments. Coverage is typically expressed35

as a percentage of a region covered by snow or as a total area in square kilometres.

Accurate monitoring and forecasting of snow cover, including its depth, albedo, and SWE, are crucial for weather prediction

and climate studies (de Rosnay et al., 2015). In situ observations of snow cover, conducted at ground stations, are a vital

component of snow monitoring. These ground-based measurements provide high-quality data, although spatial resolution of

these observations is very limited, particularly in sparsely populated regions. Therefore, the other observation types are highly40

needed for more comprehensive coverage.

Satellite-based snow products are invaluable for providing snow data where ground observations are sparse or absent. Two

widely used products are SWE and the extent of the snow cover. SWE, derived from microwave instruments, provides infor-

mation about the snow water content, but with a coarse resolution and with certain limitations. Snow extent products, based

on optical sensors, indicate the presence or absence of snow with fine spatial resolution, but they are affected by cloud cover45

and poor illumination in the polar regions (Takala et al., 2011). European Organisation for the Exploitation of Meteorological

Satellites (EUMETSAT) operates geostationary (Meteosat Second Generation (MSG), Meteosat Third Generation (MTG)) and

polar orbiting (Meteorological Operational satellite (MetOp)) weather satellites, offering operational snow extent products such

as H31, H32, and H34 (Siljamo and Hyvärinen, 2011; Siljamo et al., 2020). Projects like EUMETSAT Satellite Application

Facility on Support to Operational Hydrology and Water Management (H SAF) and CryoClim (Solberg et al., 2014; Rudjord50

et al., 2015) contribute to global snow data by automatically generating snow extent and SWE products adapted for various

applications.

Hybrid systems such as the Interactive Multisensor Snow and Ice Mapping System (IMS) combine optical, microwave, and

ground-based data to improve snow monitoring (Ramsay, 1998; Helfrich et al., 2007). The IMS is not generated automatically

and thus may not be updated regularly in all areas.55

Assimilating of snow observations is essential for reducing systematic errors in NWP models. An accurate initial represen-

tation of snow conditions is critical to correctly simulate snow accumulation and melting processes. Studies have shown that

incorporating snow data can significantly reduce both over- and underestimations of snow depth while, for instance, improving

temperature forecast accuracy (Drusch et al., 2004; Li et al., 2022; Gichamo et al., 2025). However, current snow data assim-
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ilation techniques in NWP remain limited, restricted to using in situ measurements. Data assimilation algorithms target snow60

depth or SWE. The native resolution of satellite-based snow data is not suitable for direct assimilation into NWP models, which

poses challenges for their effective use. H SAF data can support the performance of NWP models by providing extensive and

reliable snow information with fine spatial resolution. However, the integration of satellite data into NWP models remains chal-

lenging. Consequently, there is a need for alternative approaches that take advantage of satellite-derived observations, offering

broader spatial coverage.65

To address this, this article introduces a method of using pseudo-observations of snow extent called "snow barrels". These

pseudo-observations are derived from the H SAF H32 intermediate product, based on MetOp data. The concept involves

aggregation of the classification labels in satellite pixels over a predefined area and converting them into a single observation.

Then, the NWP snow analysis algorithms, based on statistical interpolation, combine these aggregated data with the Surface

Synoptic Observation (SYNOP) station data and the model background field. Snow barrel observations are better aligned with70

the spatial and temporal scales of NWP models, showing the potential to improve the representation of SWE fields, particularly

during the transitional seasons of autumn and spring.

This paper is organised as follows. Section 2 details the satellite data sources available and highlights the advantages and

challenges of various products. Section 3 explains the implementation of the snow barrel approach and describes the setup

of the model experiments. Section 4 presents the results of the assimilation experiments, comparing the performance of the75

model with and without the snow barrel data. Section 5 discusses the findings and explores potential future developments,

while Section 6 concludes the study, summarising the key results.

2 Data

Although satellite-derived SWE products hold significant potential for NWP applications, their use remains challenging for

several reasons. The primary issue is the coarse spatial resolution of these products. For instance, the European Space Agency80

(ESA) Global Snow Monitoring for Climate Research (GlobSnow) SWE product has a resolution of 25 km (Luojus et al.,

2020), which is substantially larger than the grid spacing of regional NWP models. Another problem is the integration of

satellite observations with ground-based measurements. Typically, SWE products are generated using a Bayesian assimilation

technique, combining satellite brightness temperatures with in situ snow depth observations and employing a snow emission

model to connect them with snowpack properties (Pulliainen, 2006). This reliance on ground-based data poses a challenge85

for NWP, as the same observations may be assimilated twice—once through the SWE product and again directly from in

situ measurements. Higher-resolution products, such as the Copernicus 5 km dataset (Copernicus Land Monitoring Service,

2024), are also affected by this dependency. Consequently, snow extent products remain the more practical choice for NWP

applications.

The H SAF offers an extensive selection of satellite-derived products tailored to diverse applications. These include the90

H31 and H34 snow extent products from geostationary MSG/Spinning Enhanced Visible Infra-Red Imager (SEVIRI) satellites

and the H32 snow extent product from polar-orbiting MetOp/Advanced Very High Resolution Radiometer (AVHRR) satellites.
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However, the geostationary H31, H34 and H43 products have a resolution that is insufficient for northern Europe, while the H32

product is reprojected to a 0.01-degree lat-lon grid, leading to an artificially small grid step in meters, which poses additional

challenges for the direct NWP use. Similar products will be available for newer EUMETSAT missions, such as MTG and95

Meteorological Operational Satellite - Second Generation (MetOp-SG).

An alternative method involves using the intermediate H32 snow product, which is delivered on the original satellite grid.

This product provides high-resolution data that cover most of the Earth’s surface on a daily basis. The MetOp/AVHRR H32

intermediate snow extent product is provided as HDF5 files. Each file contains approximately three minutes of observational

data, forming what is known as a Product Dissemination Unit (PDU). PDUs offer a spatial resolution of around 1 km at the100

nadir. Each pixel within the PDU is classified into one of several categories: "snow", "no snow", "partial snow", "water",

"unclassified", and "not processed". The "partial snow" category rarely occurs in the product. "Unclassified" is a common

category as it is most often due to clouds covering the pixel or lack of light. These classification labels come as a result of

empirically defined threshold-based rules. Comprehensive algorithmic details and product specifications are available in the

H32 product documentation (accessible through the H SAF website) and in the reference publication by Siljamo et al. (2020).105

MetOp satellites pass over northern Europe in the morning (Figure 1), and as an optical product, H32 may suffer from low-

light conditions. This is especially problematic in mid-winter when illumination is not sufficient for accurate snow detection.

Furthermore, as an optical product, H32 may be significantly affected by cloud cover.

To address key limitations of optical satellite products, we developed the ’snow barrel’ method. This approach computes

a distribution of classification labels (e.g. "snow", "no snow", "partial snow", "water", etc.) using data from multiple pixels110

within a defined area, resulting in a compact and efficient representation of snow cover suitable for assimilation into NWP

models. Each snow barrel consists of an n×n pixel block from the satellite grid (n= 10 in this study), sampled sequentially

without gaps along the central line of the swath, as illustrated in Figure 2.

Each barrel includes metadata such as observation time, average geographic location, and distribution of classification labels.

The average geographic coordinates are calculated using the spherical mean position, which accounts for the Earth’s curvature.115

This is done by converting the latitude and longitude of all 100 pixels into 3D Cartesian coordinates on a unit sphere, averaging

these, and then converting the result back into geographic coordinates. Snow barrel data are stored in text format for subsequent

analysis.

The H32 snow extent product, like any other snow product using optical detection methods, is subject to inherent limitations.

The relatively coarse spatial resolution of satellite imagery can result in misclassification when smaller surface features, such120

as vegetation, water bodies, roads, or buildings, are present within a single pixel. For instance, small water bodies that are partly

ice-covered can significantly influence pixel classification. In addition, snow cover within dense evergreen forests is difficult to

detect due to canopy obstruction. These issues are further worsened by the satellite’s viewing angle, where oblique perspective

increase the likelihood of surface elements (trees, buildings, or terrain) obstructing the view. Validation of the H32 product has

been conducted using ground-based weather station data, specifically snow depth and surface state observations, as detailed in125

Siljamo et al. (2020).
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Figure 1. Metop-B satellite crossings over the domain of the operational NWP model running for Meteorological Cooperation on Operational

Numerical Weather Prediction (MetCoOp) on April 18, 2024. The day’s barrels are collected over three to four passes, depending on the

specific day. Metop-B satellite data courtesy of EUMETSAT (https://www.eumetsat.int).

Figure 2. Generation of 10× 10 pixel barrels from the original satellite grid. Each barrel contains meta-data (Date, Time, average Latitude

and Longitude of pixels) and the number of pixels in each classification category ("snow", "no snow", "partial snow", "water", "unclassified",

and "not processed").

5

https://doi.org/10.5194/egusphere-2026-1408
Preprint. Discussion started: 2 June 2026
c© Author(s) 2026. CC BY 4.0 License.



3 Model and Methods

The Hirlam Aladin Research towards Mesoscale Operational NWP in Europe (HARMONIE-AROME) model is a convection-

permitting NWP model developed in frames of A Consortium for Convection-scale Modelling Research and Development

(ACCORD), which includes 26 countries in Europe and Northern Africa. It features a high-resolution horizontal grid spacing,130

allowing for explicit simulation of deep convection, and incorporates advanced physical parametrizations for radiation, cloud

dynamics and microphysics, turbulence, shallow convection (Gleeson et al., 2024) and land-surface processes with Surface

externalis´ee (SURFEX) land surface modelling system (Le Moigne, 2018).

The MetCoOp is a collaboration for convective-scale operational weather modelling, jointly developed and operated by Nor-

wegian Meteorological Institute (Met Norway), the Swedish Meteorological and Hydrological Institute (SMHI), the Finnish135

Meteorological Institute (FMI), the Estonian Environment Agency (ESTEA) and the Latvian Environment, Geology and

Meteorology Centre (LEGMC). The MetCoOp Ensemble Prediction System (MEPS) is a NWP system that is running the

HARMONIE-AROME model cycle 43 operationally. MEPS is an ensemble system. The unperturbed control run is updated

by data assimilation every three hours. Perturbed members are updated by data assimilation hourly, and at each update five

new ensemble members start, each running for up to 66 hours (Müller et al., 2017). By combining forecasts from the past six140

hours, a 30-member ensemble is created, producing predictions up to 61 hours ahead. The MEPS domain covers a large part

of Northern Europe, including Scandinavia, Finland, the Baltic countries, the Baltic Sea, and nearby land and ocean regions

(Figure 1).

For the MetCoOp runs, the HARMONIE-AROME model is currently configured with 2.5 km grid horizontal resolution and

65 hybrid terrain-following vertical levels, extending from around 12 meters above the ground to the 10 hPa pressure level in145

the stratosphere. The numerical forecast calculation uses semi-implicit 75-second time stepping. The system receives boundary

conditions four times per day from European Centre for Medium-Range Weather Forecasts (ECMWF)’s global forecast model.

Additional post-processing steps also enhances the MEPS forecasts from original 2.5 km grid by statistically refining surface-

level meteorological parameters on a finer 1 km grid.

The temporal evolution of the snowpack is simulated in HARMONIE-AROME by the SURFEX modeling system with150

the D95 snow scheme, originally developed by Douville et al. (1995). This scheme models snow as a single layer with the

time-varying snow water equivalent, albedo and density (Le Moigne, 2018). It explicitly accounts for snow accumulation,

sublimation, compaction and melting. The snow layer notably influences surface radiative fluxes, primarily through its impact

on albedo, which varies with recent snowfall and melting events. Additionally, snow cover enhances the surface emissivity.

The first techniques of the objective analysis of the snow depth were based on the successive corrections’ method (Cressman,155

1959). For example, Eerola (1995) describes its implementation into the operational weather forecast with the High Resolution

Limited Area Model (HIRLAM) model (Undén et al., 2002) at FMI. Subsequent advances of the snow analysis technique within

the HIRLAM model included the use of the Optimal Interpolation (OI) method (Gandin, 1965; Cansado and Navascues, 2003;

Rodriguez et al., 2003; Järvenoja, 2000). The HARMONIE-AROME NWP system also uses the OI method for the snow anal-

ysis. Technically it is done with the Code for the Analysis Necessary for Arpege for its Rejects and its Initialization (CANARI)160
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Date Time Latitude Longitude Not Processed Snow Partial Snow No Snow Unclassified Water

20230331 0934 61.0542 16.4928 0 95 0 0 0 5

20230331 0934 60.8931 17.3180 0 9 0 0 2 89

20230331 0934 62.1314 8.9604 0 0 0 89 11 0

20230331 0934 62.2543 25.1193 0 37 0 0 63 0

Table 1. An example of snow barrel data. Besides the date and location information, the columns indicate how pixels are classified within

one barrel observation (10× 10 pixels). Class "water" refers to all water bodies on the Earth’s surface

framework (Taillefer, 2002; Gaytandjieva et al., 2000), similarly to the Aire Limitée Adaptation dynamique Développement

International (ALADIN) NWP system (Termonia et al., 2018). As HIRLAM, the operational HARMONIE-AROME system

initially assimilated exclusively snow depth observations from the SYNOP stations. Assimilation of the satellite-based snow

extent data in HARMONIE-AROME was first applied by Homleid and Killie (2013) in the Copernicus Arctic Regional Re-

analysis (CARRA) project (Schyberg et al., 2020) for the CryoClim products (Solberg et al., 2014). It follows the method165

developed at the ECMWF (de Rosnay et al., 2015). The H32 snow extent product is assimilated with the same method but

adjusted to the use of snow barrel pseudo-observations, as explained below.

Snow analysis in the operational MEPS system is conducted during the morning hours, because the SYNOP snow obser-

vations are usually performed in the morning. Snow barrel observations are assimilated into the system on a daily basis as

well. As only five forecast members run each hour, the assimilation process occurs over a three-hour window (07/08/09 UTC).170

Because the snow barrel data are collected during the previous day, the same set of observations is used for all members, even

though the later members are updated up to two hours after the first ones.

When using global snow barrel data in a NWP model, strict pre-processing is required and their use must be carefully

limited. Since limited-area models like HARMONIE-AROME only need data for a specific domain, relevant data must be

extracted from the global dataset. Only useful barrels must be selected. Unnecessary data may slow down the assimilation175

process without providing additional benefit.

In our current approach, one snow barrel observation includes the number of pixels of each category, with total number of

pixels equal to 10×10, as in the example shown in Table 1. From this type of data, it is relatively easy to filter out observations

that are not useful. At present, a barrel is accepted to data assimilation if more than 20% of pixels are classified as either “snow”

or “no snow” (partial snow is counted as snow). In the example given by Table 1, the second row would be excluded based on180

this criterion because of large percentage of water surface.

Although snow barrel observations are collected across the entire domain, not all of them are used in the snow analysis.

They are only applied when they conflict with the model’s background field, namely when the model indicates snow, but the

barrel does not, or vice versa. This is because the model prognostic variable corrected by the snow data assimilation is the

SWE, while the satellite observes only the presence of snow. The actual SWE is not known from these observations, it only can185

be assumed. Therefore, the influence of these observations is mostly restricted to areas with thin snow cover — for example,
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Month Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Density (kg/m3) 222 233 240 278 312 312 312 143 143 161 182 213

Table 2. Climatological snow density values applied uniformly across the domain for converting snow barrel observations to SWE (Eerola,

1995).

Figure 3. A flowchart illustrating the criteria for accepting barrels in the assimilation process. The core concept involves comparing barrel

observations with the first guess (FG) values at the observation locations. In essence, barrels are utilized when they are inconsistent with

background field within predefined limits

during melting periods, along snowlines, or at the beginning of snowfall. These are also the situations where the barrel data

offer the most value.

After filtering, the selected barrel observations are converted into pseudo-observations of the SWE, expressed in kg/m2.

Since the satellite does not observe snow depth or mass, we assume a pseudo-observation in a range of 0–10 cm (equivalent190

to appr. 0–31 kg/m2, depending on snow density). In other words, each barrel can introduce a maximum change of 10 cm

to the model snow field. This limit was chosen as a reasonably large depth of thin snow, taking into account that it can be

assimilated only if there is no snow in the model background field. To obtain the pseudo-observation of the snow depth, we

multiply the fraction of “snow” pixels in the barrel by the maximum value of 10 cm. Snow depth is then converted to snow

mass using monthly climatological snow density values from Eerola (1995), which range from 143 to 312 kg/m3 (see Table195

2). For instance, if a barrel is entirely classified as “snow”, it would result in a pseudo-observation of about 28 kg/m2 in

April, assuming a snow density of 278 kg/m3. If only 50% of the pixels are snow, the observation would be 14 kg/m2. These

pseudo-observations are then formatted in the specific ASCII structure required by the CANARI assimilation system.
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Figure 3 illustrates the selection process for barrels used in the data assimilation procedure. The term FG refers to the

SWE value of the model background (first guess) field, which in our case is the previous forecast field, at the location of the200

snow barrel observation. The criterion for selecting of the non-zero snow barrel observations (upper row in the figure) is that

the FG value at this location is below 25 kg/m2. This criterion effectively excludes barrel observations that indicate snow in

areas already characterized by substantial snow cover. Given that barrels can introduce a maximum SWE of approximately 30

kg/m2, this measure ensures that the barrels do not erroneously reduce the amount of snow in these regions. In the case of zero

snow barrel observations (lower row in the figure), we reject them in regions where the model indicates the SWE exceeding a205

threshold of 100 kg/m2. This filter is crucial to prevent unrealistic snow removal. In most cases, if the snow amount in a given

area is substantial and the barrels still report zero observations, it is more likely that the barrel observation is an outlier rather

than a reflection of rapid snow melt. Also, as mentioned above, barrels that indicate zero observations in areas where the FG

field is already zero, are excluded as well because they do not provide additional information.

Snow barrel observations are converted to SWE observations while passing through this filtering process, to be assimilated210

within the system. However, considering that the snow barrel SWE values are pseudo-observations, they are indirect and are

primarily dependent on adjustments, a slightly larger observation error value is assigned to them compared to the SYNOP

snow observations. Specifically, the error standard deviations for both the SYNOP snow observations and the first-guess snow

field are set to 5 kg/m2, whereas a slightly higher value of 8 kg/m2 is assigned to the satellite-based snow barrel observations.

This approach assigns slightly larger weights to the SYNOP observations and the background field relative to the snow barrel215

observations during data assimilation.

4 Results

In this study, the implementation of snow barrel observations in NWP models was developed and evaluated for the operational

MEPS configuration. We present results from our own experimental setup, which is comparable to the operational MetCoOp

system.220

Figure 4 displays an example of snow barrel observations for two different days. For comparison, the left-hand panel shows

satellite imagery from the VIIRS instrument, where the bright red colour denotes snow-covered areas, and the lighter red or

white colours indicate cloud at different heights. The colour of each dot on the middle or right-hand side panel indicates the

snow observation value inferred by the snow barrel at that geographical location. As described above, the snow barrel data

are utilized only in regions where they are inconsistent with the model’s background field. This figure illustrates the filtering225

process by comparing the total number of the collected snow barrel observations (middle panel) with the subset of observations

actually used in the analysis (right-hand panel). It can be also noticed that the accepted snow barrel observations are primarily

located along the snowline. This is the melting zone, typical for spring, where snow barrels provide the most added value, as

they are better in detecting small snow-free patches and changes in patchy snow cover comparing with the conventional in-situ

observations.230
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Figure 4. All snow barrel observations (middle panel) and the observations used in the analysis (right panel) on 18 of April 2024 (upper row)

and 23 of April 2024 (lower row). Left panel shows independent Visible Infrared Imaging Radiometer Suite (VIIRS) satellite images, taken

the day before (when the barrels were actually collected), where snow appears in bright red, and white and light red colours indicate clouds

on different heights. VIIRS satellite imagery courtesy of NASA Earthdata (https://earthdata.nasa.gov).
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Figure 5. Impact of snow barrels on the NWP model’s SWE field, the example is given for April 19, 2024. The left panel shows the snow

analysis with the barrels included, and the middle panel shows the analysis without them. The right panel displays the difference between

the two.

Cloud cover significantly impacts the availability of snow barrel observations, causing the number of observations to fluctuate

greatly between different days. For instance, when comparing the satellite images from April 18 and April 23, 2024, as shown

in Figure 4, it is evident that thick cloud cover on April 23 greatly reduced the number of collected observations compared to

the relatively cloud-free conditions on April 18. The spatial distribution of snow barrel data aligns closely with areas free of

cloud cover.235

Figure 5 illustrates the impact of snow barrels on the model’s SWE field, the example is given for April 19, 2024. In Central

Finland, barrels primarily add snow to snow-free areas, whereas in some small regions of Russia they completely remove

snow cover. Additionally, snow barrels modify snow field in regions where cover is thin or patchy in the reference field. The

magnitude of the difference between the analysed fields with and without snow barrels is approximately 30 kg/m2, depending

on the monthly snow density. In areas with solid snow cover (where barrels are not used), there is no significant difference240

between the two analysed fields, as expected. When comparing this figure with the satellite image from April 18, 2024 (Figure

4), it is visible that the SWE field incorporating snow barrel data aligns more closely with the snow coverage observed in the

Southern Finland area. Furthermore, when comparing the used barrels on April 19 (Figure 4) with the SWE difference field for

the same day (Figure 5), it becomes evident that the SWE field has been adjusted in areas where the barrel observations show

changes.245

Figure 6 shows how the number of barrel observations vary throughout the year within the MetCoOp domain. The left panel

presents all available observations, while the right panel displays those selected for analysis. As seen in the figure, a significant

portion of the available data is excluded based on the filtering criteria described earlier. The left-hand panel, showing the

total number of available barrels, reveals a seasonal pattern that closely follows the variation in daylight hours in the Nordic

region, peaking during summer and reaching a minimum in mid-winter. During summer, the number of barrel observations is250
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Figure 6. Number of available barrel observations during the year. The left panel shows snow barrels available inside the NWP model domain

and the right panel selected barrels for the snow analysis. Note the different scales of the vertical axis.

huge, exceeding 30,000. However, most of these are zero observations, meaning they do not indicate snow presence. These are

typically not useful, as the background model field already reflects snow-free conditions in summertime.

In contrast, the selected observations (right-hand panel) show a different seasonal trend, with the highest peak occurring in

spring and a secondary, smaller peak in autumn. This pattern highlights the periods when barrel observations provide the most

added value. In spring, as snow begins to melt, barrels are particularly useful for identifying snow-free areas that differ from255

the background model. A similar benefit is seen in autumn during the first snowfall events. However, fewer observations are

available in autumn due to more frequent cloud cover, which limits satellite-based snow detection. As time progresses toward

winter, decreasing daylight further reduces the number of useful barrel observations.

Figure 7 presents the root mean square error (RMSE) and bias statistics for the SWE analysis conducted with and without

assimilation of snow barrels. The results show that incorporating barrels together with SYNOP observations reduces the RMSE260

and slightly improves the bias during the spring period. This behavior is expected, as snow barrels provide the most benefit

under conditions where snow cover evolves rapidly. In autumn and winter, the analysis including barrels also exhibits slightly

improved performance compared to the analysis without barrels. The pronounced wintertime peaks are related to snowfall

events, when the daily snow analysis has not yet adapted to the fast changes in the snow cover. Still, even in these rapidly

changing conditions, the snow barrels show a small positive effect. It is notable that there is very limited amount of barrels265

available in mid-winter due to lack of day light.

During the summer period, from mid-June to mid-August, the analysis including barrels performs slightly worse than the

reference analysis. This behaviour is caused by misclassification in the satellite product with convective clouds and is dis-

cussed further in the following section. For operational use, we therefore decided to disable the use of snow barrels during the

convective period, which is relatively short at the latitudes of our study domain.270
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Figure 7. The MEPS 09 UTC SWE analysis statistics for the period from April 1st 2024 to March 31st 2025, show that incorporating snow

barrels (represented by the red curves) has a positive impact in spring time, reducing both root mean square error and bias compared to the

analysis without snow barrels (blue curves).

5 Discussion

The snow barrel observations and the method to assimilate them showed promising results within the MetCoOp prediction

system. Visual comparison shows that the model’s snow cover field has improved by incorporating barrel observations, partic-

ularly in regions with thin or patchy snow coverage. A key strength of the snow barrels is their ability to capture local snow

cover variations, compared to relying solely on the SYNOP observations. This capability is especially valuable in regions with275

sparse conventional observations or rapidly changing snow cover, where the method effectively gives additional benefit for

NWP modelling results.

The method to assimilate snow barrels also appeared to be computationally efficient, suitable for an operational system.

Given the time-sensitive nature of operational NWP modeling, it is essential to maintain the efficient performance during

production runs. Testing revealed that assimilating the snow barrel observations has little impact on computational time, making280

it a viable addition to the model.

Snow barrels offer several advantages over the pure H32 satellite snow product when used in NWP models. One significant

benefit is their ability to reduce classification errors by aggregating multiple satellite pixels into a single observation. This
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spatial aggregation ensures that each barrel is more representative of the actual snow conditions than an individual pixel

classification, making them a more reliable data source. Furthermore, snow barrels align better with the spatial scale of NWP285

models, which typically operate at a coarser resolution than the native H32 pixel size. This is important, because the data

assimilation algorithms, such as OI, were primarily designed for the situation, when the observational network is coarser, than

the atmospheric model grid (Gandin, 1965).

Snow barrels can also help to mitigate the impact of the cloud cover. By combining data from several pixels, they can

offer useful snow information even if some pixels are cloud-obscured, unlike the raw H32 snow product, which excludes290

such pixels. Although barrels cannot either provide data under total cloud cover, their ability to function in partially cloudy

conditions significantly enhances the reliability of the snow data.

However in summertime, it was noticed that the H32 snow extent product seems to miss-classify convective high clouds as

snow. As a result, snow barrel observations represent wrongly the snow patches, as shown in Figure 8. From the left-hand side

plot showing the SWE field, it can be seen that only Norwegian mountain tops really have snow and other spots are created295

based on wrong classifications by the product. Since this happens only during the convective season, which is relatively short

at the latitudes of our computional domain, we decided to deactivate assimilation of barrels for summer period (from 15th of

June to 15th of August) when snow is mostly absent anyway. For future development, better quality control with checking

against other model parameters, such as surface temperature, is expected to remove this problem. Also next generation satellite

products with better classification algorithms would perhaps overcome this.300

Preliminary, the impact of the snow barrel pseudo-observations was compared with the impact of the CryoClim observations

(Solberg et al., 2014) in a series of HARMONIE-AROME experiments conducted within the CARRA project (Schyberg et al.,

2020) during 2017 over the CARRA Eastern domain. The validation used independent snow depth data from SYNOP stations

along the Russian Arctic coast. Key findings highlighted that the satellite snow extent observations (both the snow barrels and

CryoClim) influenced snow analysis only when the snow cover was thin, as the method prioritises conflicts between forecasts305

and observations. Snow depth observations from SYNOP stations had a stronger influence than satellite data where available,

while the model snow field dominated in regions reliant solely on satellite inputs. Analysed snow fields with assimilated

CryoClim and H SAF barrel data showed general agreement, although differences emerged in Arctic coastal areas, where

inaccuracies in land-water distribution in the model poses challenges. Also, the usage of a satellite product in latitude-longitude

coordinates (such as CryoClim and daily H32 snow extent) was recognised to be problematic over the polar latitudes.310

The modelling platform SURFEX uses a so-called tiling approach, when different physical models run over different types of

Earth’s surface in each model grid box. Currently, "nature", "urban", "inland water" and "sea" surface types are distinguished in

SURFEX. Each grid box of the atmospheric model grid is characterised by the percentage of each tile. However, the analysis

system does not yet use the tiling approach. Only the land-sea mask is applied, where the surface is divided into "land" or

"water" types, with the threshold of 50%. This causes errors in the analysis of surface fields in coastal regions. In particular,315

the snow analysis suffers from this problem because the snow errors accumulate during winter (not shown in the illustrations).

Many of the potentially useful barrel observations are located close to the coastline, which calls for improving the algorithms

and the code.
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Figure 8. The 09 UTC SWE analysis for 6th of July illustrates a noticed summertime issue, where the H32 snow product misclassifies

convective high clouds as snow, leading to spurious snow patches across the domain. In reality, snow is present only at the highest peaks of

the Norwegian mountains.

At the moment, the snow barrel approach has been used only with the EUMETSAT’s MetOp satellites on morning orbit.

However, the barrel method can be applied to any satellite snow product which provides information about presence of snow.320

Employing barrel method to afternoon orbit products would also benefit snow analysis as they may provide more daylight

observations particularly in the northern regions of the domain. Other option would be using geostationary satellite based snow

extent products such as H SAF H31 and H34 for MSG/SEVIRI or H43 for MTG/FCI (Flexible Combined Imager), although

polar-orbiting satellite data are better suited for snow barrel production.

To overcome limitations associated with visible-light observations, the assimilation of microwave radiance observations can325

provide an effective approach for snow monitoring, as microwave measurements are largely insensitive to cloud cover and illu-

mination conditions. Nevertheless, microwave-based snow detection has important limitations. Passive microwave instruments

offer broad spatial coverage but relatively coarse spatial resolution, whereas active microwave instruments (e.g., radar) provide

much finer spatial resolution at the expense of more limited spatial coverage. Both passive and active microwave techniques

exhibit reduced sensitivity to shallow snowpacks, particularly in the case of thin, dry snow (Takala et al., 2011; Nolin, 2010).330

Remaining operational lifetime of the current MetOp satellites is another limitation of the snow barrel approach used in this

study. The next-generation EUMETSAT satellite, MetOp-SG, was launched in August 2025. A similar snow extent product
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(H SAF H85) is in development for MetOp-SG/Meteorological Imager (METimage) and will be suitable for snow barrel

production once the product will reach the operational status.

In the coming MetCoOp model version, which is now undergoing pre-operational testing, the snow data assimilation is335

performed for snow depth rather than for SWE. This change eliminates the need to convert in-situ snow depth observations

into SWE using climatological snow density values. Instead, the analysed snow depth field is converted to SWE using the

model’s own, spatially variable snow density. For this configuration, the observation error for snow barrel data is set to 3 cm,

while the background and in-situ observation errors are set to 2.5 cm, preserving the same relative weighting as in the previous

system. Preliminary tests show that assimilating satellite snow depth observations yields results comparable to the current340

SWE-based system, with the added benefit of more consistent and physically realistic treatment of snow density. As a result,

snow barrel observations can provide more accurate corrections to the model’s snow fields.

The snow barrel concept is applicable beyond the MetCoOp system. However, the conversion of the H SAF H32 intermediate

product into snow barrels is carried out within our operational setup. Therefore, to apply this approach in other NWP use cases,

users must create snow barrels from any available snow classification product that is provided in the original satellite grid.345

In theory, the snow barrel method could also be applied to other satellite-derived parameters beyond the snow cover. How-

ever, for NWP applications, there are only a few satellite products that can be used with a classification approach similar to

snow cover. Products like vegetation types and land use are currently static information within the NWP models, making them

unsuitable for this method. One potential satellite parameter that could be updated using an approach similar to the snow barrel

method is the inland water extent. This could improve model performance in capturing potential flood events and correcting350

evaporation. However, the benefits of applying the snow barrel method to other satellite products for NWP have not been

explored yet.

In the future, objective analysis of snow cover on sea and lake ice will require more attention in the NWP models. Over ice,

the only regular source of snow data are the satellite measurements. However, to our knowledge, methods to assimilate snow

observations over ice are not yet developed. This remains a subject for future investigation.355

6 Conclusions

This study introduced the snow barrel method, a new approach for integrating satellite-derived snow cover observations into

the NWP model. By grouping satellite-pixel classifications into spatially coherent "barrels," the method effectively bridges the

resolution gap between high-resolution satellite data and coarser NWP model grids. Its implementation within the MetCoOp

operational MEPS system has demonstrated several key advantages.360

First, snow barrels significantly improve the representation of snow cover in transitional regions, especially along the snow-

line during melting periods. By capturing local variations often missed by traditional SYNOP observations, the method im-

proves the model description of patchy snow conditions, particularly in areas with sparse ground-based observations or rapidly

changing snow cover.
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Second, snow barrel observations are used selectively. They are applied in areas where they are inconsistent with the model365

background and where the snow cover is thin. This targeted use allows meaningful corrections without affecting solid snow

cover. It also helps to overcome some limitations of optical satellite products while keeping most of their strengths.

Third, the method is computationally efficient, adding minimal processing time while improving snowfield accuracy. This

favourable cost-benefit balance makes a practical enhancement for operational NWP systems.

Despite its benefits, the method has some limitations. As mentioned above, it relies on optical satellite data, making it sensi-370

tive to cloud cover and lighting conditions. This is especially problematic during midwinter at high latitudes. However, barrels

are typically not used in areas with thick and solid snow cover, which is common in mid-winter. Therefore, this limitation is

not considered critical.

Future improvements could include applying the snow barrel method to other satellite platforms, such as afternoon or-

bit or geostationary systems, to increase temporal coverage. Adding microwave observations may help address some of the375

limitations of optical sensors. However, challenges with resolution and the detection of thin snow layers remain. Refine the

assimilation scheme for snow barrels by using spatially varying snow density instead of fixed climatological values may further

improve accuracy.

The snow barrel method also shows promise beyond the MetCoOp system and could be adapted for use in other NWP

frameworks worldwide.380
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Appendix A: Acronyms

ACCORD A Consortium for Convection-scale Modelling Research and Development

ALADIN Aire Limitée Adaptation dynamique Développement International

AVHRR Advanced Very High Resolution Radiometer400

CANARI Code for the Analysis Necessary for Arpege for its Rejects and its Initialization

CARRA Copernicus Arctic Regional Reanalysis

ECMWF European Centre for Medium-Range Weather Forecasts

ESA European Space Agency

ESTEA Estonian Environment Agency405

EUMETSAT European Organisation for the Exploitation of Meteorological Satellites

FCI Flexible Combined Imager

FMI Finnish Meteorological Institute

GlobSnow Global Snow Monitoring for Climate Research

H SAF EUMETSAT Satellite Application Facility on Support to Operational Hydrology and Water410

Management

HARMONIE-AROME Hirlam Aladin Research towards Mesoscale Operational NWP in Europe

HIRLAM High Resolution Limited Area Model

IMS Interactive Multisensor Snow and Ice Mapping System

ISBA Interaction between Soil Biosphere and Atmosphere415

LEGMC Latvian Environment, Geology and Meteorology Centre
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MEPS MetCoOp Ensemble Prediction System

METimage Meteorological Imager

MSG Meteosat Second Generation

MTG Meteosat Third Generation420

Met Norway Norwegian Meteorological Institute

MetCoOp Meteorological Cooperation on Operational Numerical Weather Prediction

MetOp-SG Meteorological Operational Satellite - Second Generation

MetOp Meteorological Operational satellite

NWP Numerical Weather Prediction425

OI Optimal Interpolation

PDU Product Dissemination Unit

RMSE root mean square error

SEVIRI Spinning Enhanced Visible Infra-Red Imager

SMHI Swedish Meteorological and Hydrological Institute430

SURFEX Surface externalis´ee

SWE Snow Water Equivalent

SYNOP Surface Synoptic Observation

VIIRS Visible Infrared Imaging Radiometer Suite
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