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Abstract. Reliable information on seasonal snow conditions is important for long-range weather forecasting and climate mod-
eling. The reliability of winter-mean hindcasts of snow water equivalent (SWE) produced by the ECMWEF for the period 1993
— 2022 within the CopERnlcus climate change Service Evolution (CERISE) project is evaluated in this study. In probabilistic
forecasting, reliability for a binary event is defined as the consistency between forecast probabilities and observed frequen-
cies. Here, reliability is assessed using two independent SWE datasets (ERAS5-Land and ESA Snow-CClI v4) across eight land
regions in the Northern Hemisphere excluding mountainous regions. The reliability assessment is performed for two tercile-
based binary events representing low- and high snow accumulation winters. Reliability is quantified using a weighted linear
regression applied to reliability diagrams and is grouped into five categories from perfect to dangerous. The results show good
reliability of the ECMWEF seasonal snow hindcasts for both low- and high-snow conditions. The assessment shows sensitiv-
ity to the choice of verification dataset, with ERA5-Land yielding slightly higher reliability categories than ESA Snow-CCI.
It is found that differences in hindcasts reliability between regions and between verification datasets may be linked to snow

variability, model representation, and observational uncertainty.

1 Introduction

Snow plays a crucial role for the Earth’s surface energy budget of the hydrological and climate systems, making it an important
component in climate simulations and long-range weather forecasts. The amount of water stored in a snowpack, known as
snow water equivalent (SWE), is a key parameter for flood risk assessment, water resource management, and, more broadly,
land-atmosphere coupling and climate modeling. In the warming world, snow conditions are undergoing substantial changes.
The global snow cover extent has been shown to decline over the last decades in both models and observations (Bormann
et al., 2018; Mudryk et al., 2020; Fox-Kemper et al., 2021) and the length of the snow season has been shown to diminish
in mountain regions (Notarnicola, 2020). Snow droughts, either driven by deficits in snowy precipitation or by premature
snowmelts, have been linked to hydrological extremes (Zhang et al., 2025). On local scales, a reduction of the fraction of solid
to liquid precipitation in mountain regions has also been linked to rainfall extremes and associated hazards (Ombadi et al.,
2023).

Given the changes in snow accumulation, melt, and associated hydrological hazards, reliable seasonal predictions of snow

conditions are becoming increasingly important. Seasonal snow forecasts are routinely provided by operational meteorological
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prediction centres, using state-of-the-art ensemble dynamical prediction systems, based on coupled atmosphere-ocean models.
In such forecasts, snow variables are initialized as realistically as possible through data assimilation (DA) methods of varying
complexity, which ingest in-situ and space-borne observations. There are currently considerable efforts to improve the fidelity
and reliability of such seasonal forecasts, as well as the initialization of land variables, including snow.

Realistic initial snow conditions can improve forecast skill not only for snow itself but also for other surface and atmospheric
variables through its high albedo and low thermal conductivity, as well as its delayed influence on soil moisture (Orsolini et al.,
2013; Jeong et al., 2013; Li et al., 2019). Improved forecasts of snow variables offer hence the potential to improve the
predicted circulation, particularly in regions of effective snow-atmosphere coupling, like East Asia (Komatsu et al., 2023).
However, seasonal forecasting models have limitations, such as various parametrizations or their relatively coarse horizontal
resolution that does not allow resolving snow heterogeneities. Similarly, the data ingested through DA has limitations, such as
the sparsity and non-representativeness of in-situ station data, or the observational constraints and errors of remotely sensed
data. The DA approaches used in prediction centres have also limitations e.g., assimilation might not be performed in mountain
regions.

Here, we try to address the following question: How reliable are seasonal forecasts of snow? In probabilistic forecasting,
reliability refers to the agreement between the predicted forecast probabilities and the corresponding observed frequencies of a
binary event (i.e., an event that either occurs or does not occur). Reliability of seasonal-mean near-surface temperature and pre-
cipitation forecasted by the European Centre for Medium-Range Weather Forecasts (ECMWF) Integrated Forecasting System
(IFS) 4 was examined in Weisheimer and Palmer (2014). However, such assessment have never been performed for probabilis-
tic snow forecasts. In the context of changing snow conditions, reliable forecasting of some aspects of snow phenology (e.g.
snow accumulation during cold season, or ablation then after) would ultimately be critical for hydrological applications.

The estimated reliability of probabilistic snow forecasts will, naturally, depend on the snow product they are assessed against,
e.g., outputs from coupled reanalysis systems, standalone land model simulations driven by meteorological forcings, satellite-
derived snow estimates or actual snow observations. In the former case, an issue might be that the reanalysis used as verification
dataset has the same origin as the one used to initialize the forecast. Numerous snow products are now available to meet the
growing demand for historical snow datasets in climate, hydrology and cryosphere research. Recent study by Mudryk et al.
(2025) compared twenty three historical gridded snow products against a combination of in-situ snow course and airborne
gamma measurements. Based on overall assessment, the best performing product was shown to be the ERA5-Land reanal-
ysis (Mufioz Sabater et al., 2021) albeit it is an off-line surface model run which does not assimilate snow measurements.
However, for non-mountainous Eurasia, the European Space Agency (ESA) Climate Change Initiative (CCI) Snow project
(hereafter ESA Snow-CCI) product, combining space-born observations of passive microwave brightness temperatures and
in-situ measurements of snow depth, scored second-best.

In this study, the reliability assessment is applied to seasonal snow hindcasts produced by the ECMWF in the framework
of the CopERnlcus climate change Service Evolution (CERISE) project (see Acknowledgments and https://cerise-project.eu/),
which is aimed at enhancing the quality of the Copernicus Climate Change Service (C3S) reanalysis and seasonal forecast

products by means of improved land-atmosphere data assimilation and land surface initialization. The winter-mean hindcasts
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of snow water equivalent are evaluated against two products, namely, the ERA5-Land reanalysis and ESA Snow-CCI version 4.
The reliability assessment is performed over the years 1993 — 2022 in eight land regions in the Northern Hemisphere excluding
mountainous regions.

The paper is organized as following. An introduction into the basics of the reliability assessment is given in Sect. 2.1. All
datasets used for the analysis are described in Sect. 2.2-2.4. The results are presented in Sect. 3 and discussed in Sect.4. The

conclusions are drawn in Sect. 5.

2 Data and Methods
2.1 What is a reliable forecast?

The Brier score is a simple measure of error in probabilistic forecasting (Brier, 1950). It is often used in binary situations when
an event of interest either occurs or not, for example snow amount exceeds 1 cm of SWE in a particular geographical location.

It calculates the mean squared error between the forecast probabilities and observed outcomes and is expressed as

BS:lZ(fz‘—Oi)Q M

i=1
where n is the number of forecasts, f; is the forecast probability of the considered binary event for the ith forecast, and o; is
the associated outcome (1 if event occurs in verification data and O if it does not). One can decompose the Brier score into the

uncertainty (UNC), reliability (REL) and resolution (RES) components as

1 — 1 —
BS=06(1-0)+— —op)?— = or — 0)? = UNC + REL — RES 2
o( 0)+nk§::lnk(fk Ok) n;nk(ok 0) + 2

where 0 is the climatological probability of the event, m is the number of probability bins into which the forecasts are
grouped, f, is the average forecast probability in bin k, and o, is the relative frequency of occurrence in bin k. From Eq. 2, it

is clear that only REL and RES terms reflect the forecast performance.

The level of the Brier score improvement compared to that of a reference forecast is represented via the Brier skill score
BS,.; —BS
BSS = 3
BS,ef )

here, positive BSS values indicate that the forecast performs better than the reference forecast. It is a common practice to use
the forecast climatology (fr = 0 = 0) as the baseline reference. In such case, Eq. 3 simplifies to (RES —REL)/UNC (e.g.,
Mason, 2004), and positive BSS values, therefore, correspond to RES > REL.

Reliability diagrams, also known as Attributes Diagrams (Hsu and Murphy, 1986), are commonly used to illustrate the

last two components of the Brier Score. A step-by-step procedure to construct a reliability diagram is as follows. First define
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binary event based on a climatological threshold (e.g., value is below the median or above the upper tercile). Second, compute
the corresponding climatological thresholds separately for the forecast and verification data at each grid point. Third, define
discrete forecast probability bins (for example, 0-0.2, 0.2-0.4, and so on) into which forecast probabilities will be grouped.
Fourth, for each year and each grid point within a region (see land regions in Sect. 2.4), compute the forecast probability of the
binary event as a fraction of ensemble members for which the binary event occurs, assign this probability to the appropriate
bin and record whether the same binary event occurred in the verification data. Finally, within each probability bin, count the
number of forecasts that fall into it and the number of times the event occurred in verification data. The observed frequency in
probability bin &, oy, is then calculated as the ratio of the number of occurrences in verification data to the number of forecasts
in the bin. Plotting these observed frequencies on vertical axis against the corresponding forecast probabilities on horizontal
axis, with the size of each point reflecting the number of forecasts within the corresponding bin, illustrates how well the forecast
probabilities match the observed outcomes (Figure 1). In such a diagram, the distance between the (fx, 0y ) coordinates and the

diagonal represents reliability, while the distance to the horizontal climatological probability line represents resolution.
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Figure 1. An example of a reliability diagram for an upper tercile event (climatological probability 6 = 1/3) shown for five forecast proba-
bility bins (k = 1..m, where m = 5). The area with the positive Brier Skill Score (BSS) is shaded gray. The results are based on the ECMWF
hindcasts verified against ESA Snow-CCI data over WNAS (Western North Asia) land region (see Sect. 2.4).

Grey area in Figure 1 corresponds to situations where the Brier Skill Score (BSS), i.e. the Brier Score’s improvement over
no-skill climatology, is positive (see e.g., Hsu and Murphy, 1986; Mason, 2004). Another feature seen in Figure 1 is sharpness
which reflects the ability of probabilistic forecasts to predict non-climatological probabilities, that is to issue predictions with
probabilities close to 0 and 1. Ideally, a probabilistic forecasting system should provide reliable forecasts spanning a wide
range of probability intervals, with as many predictions as possible falling within the lowest (around 0) and highest (around 1)

probability bins.
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Following Weisheimer and Palmer (2014), we fit a weighted linear regression to the data points in the diagram (hereafter
best-fit reliability line, shown as dashed line in Figure 1) to estimate an overall reliability. The weights correspond to the number
of forecasts within each probability bin, and the slope of the resulting regression line serves as an indicator of reliability. A
perfectly reliable forecast would lie along the diagonal line (with the slope of 1), while deviations from this line indicate
over-confidence (slope is less than 1) or under-confidence (slope is more than 1). To assess the uncertainty around the best-fit
reliability line, we generate 1000 bootstrap resamples with replacement from the forecast—observation pairs along the time
dimension, compute slopes of the best-fit reliability lines, and derive the 90 percent confidence interval from the resampling
slope distribution. While the results shown in Sect. 3 are based on the i.i.d. bootstrap, their robustness was verified using a
block bootstrap approach with the blocks of three years.

In order to quantify the reliability, we apply categorization based on the slope of the best-fit reliability line and its uncertainty
following Weisheimer and Palmer (2014). Five reliability categories can be summarized as following. Category 5 (perfect) -
the uncertainty range of the reliability slope lies within the positive BSS area and includes the diagonal, Category 4 (useful)
- the uncertainty range of the reliability slope lies within the positive BSS area but does not include the diagonal, Category 3
(marginally useful) - the uncertainty range of the reliability slope is positive but may fall out of the positive BSS area, Category
2 (not useful) - the uncertainty range of the reliability slope includes negative values, Category 1 (dangerous) - the slope of the
best-fit reliability line is negative. In addition to these five categories, we further introduce a subdivision for Category 3 based
on whether the best-fit reliability slope indicates some degree of skill. Category 3* is hereafter used when the best-fit slope
falls within the positive BSS area, whereas Category 3, as defined above, is applied when the best-fit slope does not meet this

criterion.
2.2 Seasonal snow hindcasts

The seasonal hindcasts used in this study are based on an updated configuration of the ECMWF Seasonal forecasting System
(SEASS, Johnson et al., 2019). The major differences to SEASS include an updated cycle of the ECMWEF Integrated Forecast-
ing System (IFS) with a new multi-layer snow scheme (Arduini et al., 2019). The atmospheric component of the system is the
IFS Cycle 48r1 with a spectral resolution of TCO319 (horizontal resolution of ~36 km) and 137 vertical levels extending up to
0.01 hPa. The oceanic component is based on the NEMO (Nucleus for European Modelling of the Ocean) model, version 3.4.

Within the CERISE project framework (https://www.cerise-project.eu), four-month-long hindcasts were initialized four
times per year (1 February, 1 May, 1 August, 1 November) every year between 1993 and 2022, producing a 30-year dataset.
Each hindcast ensemble consists of 51 members. The hindcasts use fifth generation ECMWF reanalysis (ERAS) initial condi-
tions for both the atmosphere and land surface. ERAS assimilates in-situ measurements of snow depth from the international
synoptic network (SYNOP) and space-borne snow cover data from the Interactive Multisensor Snow and Ice Mapping System
(IMS) from 2004. IMS snow cover fraction is converted to snow depth using an empirical conversion rule (de Rosnay et al.,
2015). Note also that snow DA is restricted to elevations below 1500 m in ERAS5 (de Rosnay et al., 2022). The ocean and
sea-ice initial conditions are based on the ECMWF ORASS reanalysis (Zuo et al., 2019).
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In this study, we focus on the winter season (December—January—February, DJF) and analyze a set of SWE hindcasts initial-
ized on 1 November 1993 — 2022.

2.3 Verification datasets

In this study, the reliability assessment of snow hindcasts is performed against two SWE products, namely, ERAS5-Land reanal-
ysis (Mufioz Sabater et al., 2021) and ESA Snow-CCI version 4 (Luojus et al., 2025).

ERAS-Land is a high-resolution global land-surface reanalysis produced by ECMWE, forced by near-surface atmospheric
fields from ERAS. It produces a total of 50 land-surface variables including snow (for the full list of variables, see Mufioz
Sabater et al., 2021). The fine resolution of 0.1° makes it particularly valuable for hydrological and climate studies over land.
ERAS-Land slightly benefits indirectly from the snow depth and snow temperature DA performed in ERAS via the atmospheric
forcing. The SWE product is provided globally at 1 hour temporal resolution from 1950 to present (Mufioz Sabater, 2019).
While hourly data are available, ERA5-Land SWE is extracted at 00 UTC to ensure time consistency with the output from the
hindcasts.

The ESA Snow-CCI SWE product is based on a retrieval methodology that combines space-borne observations of passive
microwave brightness temperatures and in-situ measurements of snow depth at synoptic weather stations (Pulliainen, 2006;
Takala et al., 2011). In the ESA Snow-CCI version 2, used in the SWE benchmarking study by Mudryk et al. (2025), SWE
product is post-corrected by accounting for the snow density variability in time and space (Venildinen et al., 2021). Starting
from version 3.1, variability of snow density fields is implemented into the SWE retrieval following Venéldinen et al. (2023).
Here, we use the latest ESA Snow-CCI version 4 product. Daily SWE retrievals are provided in the Northern Hemisphere
winter period only (between mid-October and mid-May) and are available in years 1979 — 2023. The SWE product is provided
at 0.1° resolution in the Northern Hemisphere excluding mountainous regions, glaciers and Greenland. The mountain mask
is applied to grid cells with high sub-grid elevation variability derived from a high-resolution digital elevation model, where

retrievals have known limitations (Luojus et al., 2021; Barella et al., 2024).
2.4 Reliability assessment configuration

Seasonal forecasting primarily targets deviations from the climatological mean. Expressing SWE as anomalies automatically
removes systematic model biases relative to verification data. The winter-mean SWE anomalies in both ERAS5-Land and ESA
Snow-CCI products are calculated with respect to the whole 1993 — 2022 period. The hindcast anomalies for each ensemble
member are calculated with respect to the model mean over the same period.

We consider two binary events based on terciles of the long-term distribution: i) winter-mean SWE anomaly lies below the
lower tercile and ii) winter-mean SWE anomaly lies above the upper tercile at a particular geographical location. In regard to
the snow forecasts, these events can be also considered as i) low - and ii) high snow accumulation winters.

Based on the climatology of winter-mean SWE in the hindcasts and verification data, eight land regions spread over the
snow covered areas were selected for the reliability assessment (see Table 1 and Fig. 2). The span and names of the land

regions are based on land regions used in the study by Giorgi and Francisco (2000) but are adjusted to the needs of our winter
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snow analysis. Note that WNA, NEU and TIB regions partially cover areas with low winter-mean SWE (< 3 cm) and high
year-to-year SWE variability (Figure 2b,d,f).

Table 1. List of regions used in this study.

Name Acronym | Latitude range Longitude range | Relative sample size (%)

Alaska ALA 60° N-72°N | 170° W -103° W 47.71

Canada CND 45°N-72°N | 103° W -60°W 76.15
Western North America WNA 35°N-60°N | 130°W -103° W 37.29
Norther Europe NEU 50° N-75°N 0°E-45°E 61.95
Western North Asia WNAS | 50°N-75°N 45°E-90° E 99. 89
Central North Asia CNAS 50° N-75°N 90°E-135°E 100.00
Eastern North Asia ENAS 50°N-75°N | 135°E-179°E 41.84
Tibet TIB 28° N-50° N 65°E-105°E 53.44

To ensure consistency in the reliability assessment, both verification datasets were interpolated onto a uniform latitude—longitude
grid with a resolution of 0.25° using bilinear interpolation. As mentioned in Sect. 2.3, ESA Snow-CCI SWE product does not
175 cover mountainous regions. To enable a consistent comparison, the ESA Snow-CCI mountain mask, seen as white areas in
Figure 2c-d, is applied to ERAS5-Land dataset. The reliability assessment is, therefore, performed over the non-mountainous
terrain in both cases. In addition, ERAS-Land data points with snow amount exceeding 1 m of SWE (resulting from the in-
terpolation of permanent snow masked as 10 m of SWE) are discarded. This affects regions CND, WNAS and ENAS that
include small islands with permanent snow, with the following percentage of data points removed 0.28 %, 0.34 % and 0.22 %,
180 respectively. Note that ESA Snow-CCI has a limit of 0.5 m for SWE product (Luojus et al., 2025). Because water bodies and
mountainous terrain are excluded from the analysis, the number of valid land grid points varies across regions. The sample size
in each region is expressed as a fraction of the number of grid points in the most populated region (CNAS) as shown in Table

1.

3 Results. How reliable are seasonal snow forecasts?

185 This section summarizes the reliability of ECMWF snow hindcasts in DJF 1993 — 2022 for low- and high snow accumulation
winters shown in Figure 3. The overall hindcast performance is good, as only useful categories (Category 3 — 5) are obtained
for both verification datasets and tercile events.

Figure 3a shows that assessment against ERA5-Land for low snow accumulation winters yields one region with perfect
reliability (Category 5, green), five regions with useful reliability (Category 4, blue), and two regions with marginally useful

190 reliability (Category 3*, yellow). Figure A1 presents individual reliability diagrams for all assessed land regions. The hindcasts
show excellent performance in predicting low snow amounts in CND region, although they are not very sharp because relatively

few forecasts fall within the high-probability bin. The latter can be explained by the presence of high amount of snow in the
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Figure 2. Climatological mean SWE and standard deviation (in percent relative to the climatological mean) in DJF 1993 — 2022 in a) — b)
ERAS-Land reanalysis, c) — d) ESA Snow-CClI, e) — f) ECMWEF hindcasts. Eight land regions in which reliability assessment is performed
(namely, ALA, CND, WNA, NEU, WNAS, CNAS, ENAS, TIB) are shown as black boxes.

region most of the time. ALA, WNAS, CNAS, ENAS, and TIB regions also display good skill in predicting low snow amounts.
For NEU and WNA regions, which fall into the marginally useful category, most hindcasts issue probabilities close to the
climatological value of 1/3, with few forecasts assigning either low or high probabilities. This indicates limited sharpness and
resolution in these regions. Nevertheless, their best-fit reliability lines remain within the skillful BSS range and are therefore
assigned Category 3*.

The results are substantially different when verified against ESA Snow CCI (Figure 3b). In this case, snow hindcasts are
assigned marginally useful category in all eight land regions. Although, NEU, WNAS, CNAS and TIB regions show an im-
proved skill since their best-fit reliability lines fall within the skillful BSS range (Category 3*, yellow). Figure A2 shows indi-
vidual reliability diagrams. A clear off-set of the best-fit reliability line from the climatological intersection (fy = 0, 0 = 0)
is present in TIB and WNA regions. Such situation reflects unconditional bias in the hindcasts compared to the verification

data (Weisheimer and Palmer, 2014). It was mentioned in Sect. 2.4 that these regions partially cover snow transition areas with
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high year-to-year SWE variability. The biases between ERAS5, ERA5-Land, in-situ and satellite observations over the Tibetan
Plateau (encompassed by the region labeled TIB here) have been documented by Orsolini et al. (2019).
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Figure 3. Reliability of the ECMWF snow hindcasts in DJF 1993 — 2022 for low snow accumulation (lower tercile) winters assessed against
a) ERA5-Land, b) ESA Snow-CCI, and for high snow accumulation (upper tercile) winters assessed against ¢) ERAS5-Land, d) ESA Snow-
CCI. Reliability categories are color coded. Note that a star sign next to the region name indicates Category 3" (i.e. when the best-fit slope

falls within the BSS > 0 area) as described in Sect. 2.4.

When verified against ERAS5-Land in high snow accumulation winters, snow hindcasts are assigned perfect (Category 5,
green) reliability category in two land regions and useful (Category 4, blue) category in five land regions (Figure 3c), and
marginally useful (Category 3*, yellow) category in NEU region. Individual reliability diagrams are shown in Figure A3.
Similarly to the low snow accumulation winters, the hindcasts lack sharpness and resolution in NEU region. In addition, the
best-fit reliability line is on the edge of falling inside the skillful BSS area, which suggests that forecasts lack skill and do not
perform much better than climatology (see Sect. 2.1 for explanation).

When verifying against ESA Snow-CClI, the overall picture is different — only one out of eight land regions is assigned useful
(Category 4, blue) reliability category while other seven regions are assigned marginally useful category (Category 3, yellow),
see Figure 3d. Although, NEU, CNAS, ENAS and TIB regions show an improved skill and are therefore assigned Category
3*. Individual reliability diagrams are shown in Figure A4. Similar to the low snow accumulation winters, TIB region shows a

clear bias between the SWE in hindcasts and ESA Snow-CCI data.
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4 Discussion

Figure 3 demonstrates that reliability assessment and categorization are somewhat dependent on the choice of verification
dataset. Although it may seem intuitive to place greater trust in Earth observation products, these datasets have notable limi-
tations. It is known that ESA Snow-CCI has a systematic bias in estimates of large SWE values (> 15 cm) due to the reduced
sensitivity of passive-microwave retrievals to deep snow and liquid water in the snowpack (Luojus et al., 2021; Venéldinen
et al., 2025). In addition, the mismatch between point-scale in-situ measurements being assimilated and the SWE grid-scale
estimates adds uncertainty into the final product, with retrieval performance declining farther from assimilated snow depth
observations (Luojus et al., 2021). A recent study by Venildinen et al. (2025) suggests bias correction for ESA Snow-CCI
SWE retrievals that could be used in the future assessments. At the same time, ERA5-Land, while generally robust (Mudryk
et al., 2025), also has known biases and difficulties in SWE estimation (Monteiro and Morin, 2023; Kouki et al., 2023).

Based on the individual reliability diagrams shown in Figures Al — A4, the ECMWEF hindcasts tend to be over-confident
i.e., they issue probabilities that are too extreme (too low for low probability bins and too high for high probability bins).
Data assimilation plays an important role in constraining the forecast initial snow to observations. The type of assimilated data
and the assimilation method are, therefore, of a key importance. In the hindcasts used here, both land and atmosphere initial
conditions are derived from ERAS reanalysis. Since the off-line ERAS-Land reanalysis uses ERAS5 as atmospheric forcing,
higher reliability categories obtained when verifying against ERAS5-Land may partly reflect the shared dependence on ERAS.
Consistent with this interpretation, similarly high categories were found when the hindcasts were verified against ERAS itself
(not shown). The results should, therefore, be interpreted as conditional on this shared ERAS forcing dependence, rather than
as a standalone measure of forecast reliability.

To better understand differences in reliability categories between the two verification datasets, Figure 4 shows probability
density distributions of SWE anomalies in ERAS5-Land and ESA Snow-CClI in different land regions. Despite similarities in
probability density distributions, it is clear that SWE anomalies in ERAS-Land have more extreme values and exhibit more
variability, while anomalies in ESA Snow-CCI are more closely clustered around the mean. Time series of snow anomalies in
Figure 5 also show discrepancies in their temporal evolution and in the distribution of years with strong positive and negative
anomalies. The latter is important for the definition of probabilistic tercile thresholds as explained in Sect. 2.1. Figure A5 com-
pares distributions of lower- and upper tercile thresholds in ERAS-Land and ESA Snow-CCI. The two datasets generally show
similar distributions of terciles, however with shifts in the peaks of their distributions. Differences in distributions strongly vary
between regions. TIB region (non-mountainous) stands out with much narrower tercile distributions in ERA5-Land centered

close to zero compared to smoother tercile distributions in ESA Snow-CCI.
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Figure 4. Probability density distributions of SWE anomalies in ERAS5-Land (black solid) and ESA Snow-CCI (red dashed) in eight land
regions: a) ALA, b) WNA, c¢) CND, d) NEU, e) WNAS, f) CNAS, g) ENAS, h) TIB. Note that scale in panels is different.
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Figure 5. Time series of SWE anomalies in ERAS-Land (black solid) and ESA Snow-CClI (red dashed) averaged in land regions: a) ALA,
b) WNA, ¢) CND, d) NEU, e) WNAS, f) CNAS, g) ENAS, h) TIB. Note that scale in panels is different.

It is also important to examine how often the two validation datasets agree on the binary event classification, i.e., whether it
occurs or not. Table A1 shows the percentage of data points where the binary event is classified consistently in both datasets at
the same geographical location and time. Overall agreement is computed using all data points within the region. Near-threshold
agreement is computed using only those data points for which SWE anomalies in both validation datasets lie within a distance

250 of 1 cm of SWE from their respective tercile thresholds at the same location and time. While the overall agreement between
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ERAS5-Land and ESA Snow-CCl in terms of binary event classification varies around 70-80%, the agreement for cases near
the tercile threshold drops to approximately 50-70%. This indicates substantial differences in event classification close to the
threshold, which directly affect the categorical reliability assessment and explain the discrepancies observed in the reliability
diagrams shown in Figures Al — A4.

As noted in Sect. 1, numerous gridded snow products are currently available, however those frequently show substantial dis-
crepancies in both magnitude and spatial-temporal variability of snow, as well as in long-term snow trends (see e.g., Mudryk
et al., 2025). Such inconsistencies emphasize the critical need for continued efforts to develop a high-quality, internally con-

sistent snow dataset specifically suited for the forecast verification purposes.

5 Conclusions

In this study, we assess reliability of winter-mean snow hindcasts in 1993 — 2022 produced by the ECMWF within the CERISE
project. In probabilistic forecasting, reliability for a binary event is defined as the consistency between forecast probabilities
and observed frequencies. The assessment is performed against two SWE datasets: ERAS-Land reanalysis and ESA Snow-CCI
(version 4) in eight non-mountainous land regions in the Northern Hemisphere. To evaluate the forecast performance in low and
high snow accumulation winters, we consider two binary events based on terciles of the long-term distribution: i) winter-mean
SWE anomaly lies below the lower tercile, and ii) winter-mean SWE anomaly lies above the upper tercile.

A simple categorization is used to quantify the reliability based on the weighted linear regression to the data in reliability
diagrams. The ECMWF snow hindcasts show an overall good performance as only high reliability categories (Category 3 —
5) are obtained for both verification datasets and tercile events. Although the reliability assessment is sensitive to the choice
of verification dataset and yields slightly different reliability categories when verified against ERAS5-Land and ESA Snow-
CCI, this sensitivity itself highlights the current limitations of two best available SWE datasets (Mudryk et al., 2025). Such
inconsistencies emphasize the critical need for continued efforts to develop a high-quality, internally consistent snow dataset
specifically suited for the forecast verification purposes.

Answering the question "How reliable are seasonal forecasts of snow?", we show that the ECMWF hindcasts exhibit good
reliability in predicting winter-mean snow water equivalent in both low- and high-accumulation winters. The reliability vari-
ations among the regions could be linked to, for example, regional differences in snow distribution: high SWE variability in
snow transition areas increases the challenge of capturing the full range of possible outcomes, which can indirectly lead to
lower forecast reliability. In addition, technical limitations in both the forecast model (e.g., dependence on the empirical snow
cover-snow depth conversion rule) and the verification datasets (e.g., the aforementioned ESA Snow-CClI bias for large SWE
values) can have an effect on the spatial distribution of the hindcasts reliability.

Avenues for future work include, but are not limited to, a more detailed assessment of seasonal SWE forecast reliability
as a function of lead time, for example, through monthly assessments throughout the winter season. In addition, exploring
prediction of extreme snow events, like the snow droughts mentioned in Sect. 1, would be of a great interest as they have been

linked to hydrological extremes. It is also important to investigate the reliability of SWE forecasts in mountainous areas in
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spring, when snowmelt occurs with potential implications for hydropower management and flood-risk assessment. Finally, a
multi-model comparison of seasonal SWE forecasts produced by operational meteorological prediction centers would provide

additional insight into model performance and reliability.

Data availability. Hourly ERAS data on single levels from 1940 to present are available from the Climate Data Store website (Hersbach
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Figure A3. Reliability diagrams for the ECMWF SWE hindcasts validated against ERAS5-Land in high snow accumulation winters over
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Region

Agreement in % (overall / near-threshold)

ALA
WNA
CND
NEU
WNAS
CNAS
ENAS
TIB

71/54
80/70
69 /54
80/71
80/59
76/ 61
74154
74171

Table Al. The summary of agreement between ERAS5-Land and ESA Snow-CCl in classifying binary events, i.e. percentage of data points
where binary event occurs in both datasets. Overall agreement is evaluated over all data points within the region. Agreement near the tercile
threshold is restricted to cases where SWE anomalies satisfy |anomaly — T'| < w in both datasets, T denotes the tercile-based threshold of

the corresponding dataset and w is selected as 1 cm. The condition is applied point-wise to ensure that both datasets have near-threshold

SWE values at the same space—time location.
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