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Abstract. Reliable information on seasonal snow conditions
is important for long-range weather forecasting and climate
modeling. The reliability of winter-mean hindcasts of snow
water equivalent (SWE) produced by the ECMWF for the pe-
riod 1993-2022 within the CopERnlcus climate change Ser-
vice Evolution (CERISE) project is evaluated in this study. In
probabilistic forecasting, reliability is defined as the consis-
tency between forecast probabilities and observed frequen-
cies for a binary event. Here, reliability is assessed using two
independent SWE datasets (ERAS-Land and ESA Snow-CCI
v4) across eight land regions in the Northern Hemisphere
non-mountainous regions. The reliability assessment is per-
formed for two tercile-based binary events representing low-
and high snow accumulation winters. Reliability is quanti-
fied using a weighted linear regression applied to reliability
diagrams and is grouped into five categories from perfect to
dangerous. The results show that the ECMWF seasonal snow
hindcasts consistently yield marginally useful to perfect reli-
ability categories for both low- and high-snow conditions in-
dependently to the chosen benchmark. The assessment shows
sensitivity to the choice of verification dataset, with ERAS-
Land yielding higher reliability categories than ESA Snow-
CCI, typically 1 to 2 categories higher. It is found that differ-
ences 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 surface energy budget
of the hydrological and climate systems, making it an im-
portant 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 mod-
eling. In the warming world, snow conditions are undergo-
ing substantial changes. The global snow cover extent has
been shown to decline over the last decades in both mod-
els 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 (No-
tarnicola, 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 lo-
cal scales, a reduction of the fraction of solid to liquid pre-
cipitation 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 as-
sociated hydrological hazards, reliable seasonal predictions
of snow conditions are becoming increasingly important.
Seasonal snow forecasts are routinely provided by opera-
tional meteorological prediction centres, using state-of-the-
art ensemble dynamical prediction systems, based on cou-
pled atmosphere-ocean models. In such forecasts, snow vari-
ables are initialized as realistically as possible through data
assimilation (DA) methods of varying complexity, which in-
gest in-situ and space-borne observations. There are cur-
rently considerable efforts to improve the fidelity and reli-
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ability 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 atmo-
spheric variables through its high albedo and low thermal
conductivity, as well as its delayed influence on soil mois-
ture (Orsolini et al., 2013; Jeong et al., 2013; Li et al., 2019).
Improved forecasts of snow variables may also enhance the
representation of large-scale atmospheric circulation in re-
gions with strong snow—atmosphere coupling, such as East
Asia (Komatsu et al., 2023). However, seasonal forecasting
models have limitations, such as various parametrizations
or their relatively coarse horizontal resolution which does
not allow resolving snow heterogeneities. Similarly, data in-
gested through DA have limitations, such as the sparsity and
non-representativeness of in-situ station data, or the observa-
tional constraints and errors of remotely sensed data. In addi-
tion, DA approaches used in prediction centres have also lim-
itations e.g., assimilation might not be performed in moun-
tain regions.

While seasonal forecast systems are often evaluated in
terms of skill (e.g. Orsolini et al., 2013; Li et al., 2019; Li and
Song, 2024) and their ability to capture large-scale modes of
variability (e.g. Wegmann et al., 2021), an equally impor-
tant aspect of forecast quality is their statistical reliability,
i.e. the consistency between forecast probabilities and ob-
served frequencies. Reliability diagrams, used to illustrate
this consistency, are among the diagnostic measures incor-
porated in the World Meteorological Organization Standard-
ized Verification System for Long-Range Forecasts (World
Meteorological Organization, 1992). Reliability of seasonal-
mean near-surface temperature and precipitation forecasted
by the European Centre for Medium-Range Weather Fore-
casts (ECMWF) Integrated Forecasting System (IFS) 4 was
examined in Weisheimer and Palmer (2014). Building on
the same methodology, Manzanas et al. (2022) quantified
changes in near-surface temperature and precipitation in the
current operational ECMWEF seasonal forecasting system,
SEASS, over System 4. Reliability assessment has also been
used as a validation approach for model bias correction and
downscaling methods (Manzanas et al., 2018). However,
such assessment has never been performed for probabilistic
snow forecasts.

The aim of this study is to fill this gap and to address
the following question: How reliable are seasonal forecasts
of snow? To that end, the reliability assessment is applied
to seasonal snow hindcasts produced by the ECMWF in the
framework of the CopERnlcus climate change Service Evo-
lution (CERISE) project (see acknowledgments and https:
/[cerise-project.eu/, last access: 19 August 2026), which is
aimed at enhancing the quality of the Copernicus Climate
Change Service (C3S) reanalysis and seasonal forecast prod-
ucts by means of improved land-atmosphere data assim-
ilation and land surface initialization. The estimated reli-
ability of probabilistic snow forecasts will, naturally, de-
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pend on the snow product they are assessed against. Nu-
merous snow products are now available to meet the grow-
ing demand for historical snow datasets in climate, hydrol-
ogy and cryosphere research. Recent study by Mudryk et al.
(2025) compared twenty three historical gridded snow prod-
ucts against a combination of in-situ snow course and air-
borne gamma-ray based measurements. Based on the over-
all assessment, the best performing product was shown to
be the ERAS-Land reanalysis (Mufioz Sabater et al., 2021)
albeit it is an off-line surface model run which does not as-
similate 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 mi-
crowave brightness temperatures and in-situ measurements
of snow depth, scored second-best. Therefore, in this study
the winter-mean ECMWEF hindcasts of snow water equiva-
lent are evaluated against two products, namely, the ERAS-
Land reanalysis and ESA Snow-CCI version 4. The reli-
ability 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 geograph-
ical location. It calculates the mean squared error between
the forecast probabilities and observed outcomes and is ex-
pressed as

IS
BS_n;(f, 0i) )]

where n is the number of forecasts, f; is the forecast proba-
bility of the considered binary event for the ith forecast, and
0; 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
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where 0 is the climatological probability of the event, m is
the number of probability bins into which the forecasts are
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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. For a detailed interpretation of the in-
dividual terms in Eq. (2), see Hsu and Murphy (1986).

The level of the Brier score improvement compared to that

of a reference forecast is represented via the Brier skill score

BS;er —BS

BSS BS.r 3)
here, positive BSS values indicate that the forecast performs
better than the reference forecast. It is a common practice
to use the forecast climatology (fi = ox =0) as the base-
line 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 pro-
cedure to construct a reliability diagram is as follows. First
define binary event based on a climatological threshold (e.g.,
value is below the median or above the upper tercile). Sec-
ond, compute the corresponding climatological thresholds
separately for the forecast and verification data at each grid
point. Third, define discrete forecast probability bins (for ex-
ample, 0-0.2, 0.2-0.4, and so on) into which forecast proba-
bilities 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 k, o, 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 hor-
izontal axis, with the size of each point reflecting the num-
ber of forecasts within the corresponding bin, illustrates how
well the forecast probabilities match the observed outcomes
(Fig. 1). In such a diagram, the distance between the ( fi, ox)
coordinates and the diagonal represents reliability, while the
distance to the horizontal climatological probability line rep-
resents resolution.

Grey area in Fig. 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 Mur-
phy, 1986; Mason, 2004). Another feature seen in Fig. 1
is sharpness which reflects the ability of probabilistic fore-
casts to predict non-climatological probabilities, that is to
issue predictions with probabilities close to 0 and 1. Ide-
ally, a probabilistic forecasting system should provide reli-
able forecasts spanning a wide range of probability intervals,
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Figure 1. An example of a reliability diagram for an upper tercile
event (climatological probability o = 1/3) shown for five forecast
probability 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).

with as many predictions as possible falling within the lowest
(around 0) and highest (around 1) probability bins.

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
Fig. 1) to estimate an overall reliability. The weights cor-
respond 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 devi-
ations 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 gen-
erate 1000 bootstrap resamples with replacement from the
forecast—observation pairs along the time dimension, com-
pute 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. (Independent, Identical Distributed Data) boot-
strap, their robustness was verified using a block bootstrap
approach with the blocks of three years.

In order to quantify the reliability, we apply categoriza-
tion 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. Cat-
egory 5 (perfect) — the uncertainty range of the reliability
slope lies within the positive BSS area and includes the di-
agonal, 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)
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— the uncertainty range of the reliability slope includes nega-
tive 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, similarly to Manzanas et al. (2018). Category 3* is
hereafter used when the best-fit slope falls within the positive
BSS area, and is referred to as marginally useful improved.
Examples of reliability diagrams for different categories are
shown in Sect. 3.

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 differ-
ences to SEASS include an updated cycle of the ECMWF
Integrated Forecasting System (IFS) with a new multi-layer
snow scheme (Arduini et al., 2019). The atmospheric compo-
nent of the system is the IFS Cycle 48r1 with a spectral reso-
lution of TCO319 (horizontal resolution of ~ 36 km) and 137
vertical levels extending up to 0.01 hPa. The oceanic compo-
nent is based on the NEMO (Nucleus for European Mod-
elling of the Ocean) model, version 3.4.

Within the CERISE project framework (https://www.
cerise-project.eu, last access: 19 August 2026), four-month-
long hindcasts were initialized four times per year (1 Febru-
ary, 1 May, 1 August, 1 November) every year between 1993
and 2022, producing a 30-year dataset. Each hindcast ensem-
ble consists of 51 members. The hindcasts use fifth genera-
tion ECMWEF reanalysis (ERAS) initial conditions for both
the atmosphere and land surface. ERAS assimilates in-situ
measurements of snow depth from the international synop-
tic 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 eleva-
tions below 1500 m in ERAS (de Rosnay et al., 2022). The
procedure used to initialize multi-layer snow fields in the
forecast model from the single-layer ERAS snow analysis
is described in Sect. 4.1 and Appendix B of Arduini et al.
(2019). The ocean and sea-ice initial conditions are based on
the ECMWF ORASS reanalysis (Zuo et al., 2019).

In this study, we focus on the winter season (December—
January—February, DJF) and analyze a set of SWE hindcasts
initialized 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, ERAS-Land
reanalysis (Mufloz Sabater et al., 2021) and ESA Snow-CCI
version 4 (Luojus et al., 2025).
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ERAS5-Land is a high-resolution global land-surface re-
analysis produced by ECMWE, forced by near-surface atmo-
spheric fields from ERAS. It produces a total of 50 land-
surface variables including snow (for the full list of vari-
ables, see Muiioz Sabater et al., 2021). The fine resolu-
tion of 0.1° makes it particularly valuable for hydrological
and climate studies over land. ERAS5-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 h temporal resolution from
1950 to present (Mufioz Sabater, 2019). While hourly data
are available, ERA5-Land SWE is extracted at 00:00 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 pas-
sive microwave brightness temperatures and in-situ measure-
ments 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 follow-
ing Venildinen et al. (2023). Here, we use the latest ESA
Snow-CClI version 4 product. Daily SWE retrievals are pro-
vided in the Northern Hemisphere winter period only (be-
tween 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 auto-
matically removes systematic model biases relative to verifi-
cation data. The winter-mean SWE anomalies in both ERAS-
Land and ESA Snow-CCI products are calculated with re-
spect to the whole 1993-2022 period. The hindcast anoma-
lies for each ensemble member are calculated with respect to
the model mean over the same period. We consider two bi-
nary events based on terciles of the long-term distribution: (i)
winter-mean SWE anomaly lies below the lower tercile and
(i1) winter-mean SWE anomaly lies above the upper tercile at
a particular geographical location. In regard to the snow fore-
casts, these events can be also considered as (i) low — and (ii)
high snow accumulation winters.

Reliability assessment of seasonal forecasts, unlike many
other skill metrics, requires aggregation of many grid points
to obtain large samples due to the limited number of pre-
dictions available at a single grid point (equal to the num-
ber of years in this study). Based on the spatial distribution
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of climatological winter-mean SWE in the verification data
(Fig. 2a, c¢) and hindcasts (Fig. 2e), eight large land regions
spread over the snow covered areas were selected (Table 1).
The span and names of these land regions are based on those
used in Giorgi and Francisco (2000) but are adjusted to the
needs of our winter snow analysis. First, we do not consider
Greenland due to the presence of permanent snow which is
often masked with high constant values in general circulation
models, but limit our analysis to the continental part. Second,
North Asia region was divided into three smaller sub-regions
(WNAS, CNAS and ENAS) to balance the distribution and
size of land regions over Eurasia. The sample size of each
region expressed as a fraction of the number of grid points
in the largest region (CNAS) is shown in Table 1. From the
climatological winter-mean SWE (Fig. 2a, c, e) and associ-
ated standard deviation (Fig. 2b, d, f), it is evident that WNA,
NEU and TIB regions partially cover areas with low winter-
mean SWE (< 3 cm) and high year-to-year SWE variability
in hindcasts and verification datasets. Together, these charac-
teristics increase the challenge for prediction. Nevertheless,
these regions are included in the reliability assessment to pro-
vide a more comprehensive view of ECMWF seasonal pre-
diction performance. Also, note that the region named TIB is
much wider than the Tibetan Plateau and encompasses areas
of high and low topography.

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 bi-
linear interpolation. As mentioned in Sect. 2.3, ESA Snow-
CCI SWE product does not cover mountainous regions. To
enable a consistent comparison, the ESA Snow-CCI moun-
tain mask, seen as white areas in Fig. 2c—d, is applied to
ERAS5-Land dataset. The reliability assessment is, therefore,
performed over the non-mountainous terrain in both cases.
In addition, data points with snow amount exceeding 1 m of
SWE (resulting from the interpolation of permanent snow
masked as 10m of SWE in ERA5-Land and hindcasts) are
discarded. This affects regions CND, WNAS and ENAS that
include small islands with permanent snow, with the follow-
ing percentage of data points removed 0.28 %, 0.34 % and
0.22 %, respectively. Note that ESA Snow-CCI has a limit of
0.5 m for SWE product (Luojus et al., 2025).

3 Results. How reliable are seasonal snow forecasts?

This section summarizes the reliability of ECMWF snow
hindcasts in DJF 1993-2022 for low- and high snow accu-
mulation winters as shown in Fig. 3. Figure 3a shows that
assessment against ERAS-Land for low snow accumulation
winters yields one region with perfect, five regions with use-
ful, and two regions with marginally useful improved relia-
bility categories. The results are substantially different when
verified against ESA Snow-CCI (Fig. 3b). In this case, snow
hindcasts are assigned marginally useful and marginally use-
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ful improved categories in all eight land regions. When ver-
ified against ERA5-Land in high snow accumulation win-
ters, snow hindcasts are assigned perfect reliability cate-
gory in two land regions, useful category in five land re-
gions, and marginally useful improved category in one re-
gion (Fig. 3c). Verification against ESA Snow-CCI yields a
different picture — only one region is assigned useful relia-
bility category while other seven regions are assigned either
marginally useful or marginally useful improved category,
see Fig. 3d. While some regional variability in reliability cat-
egories is present, the overall hindcast performance is con-
sidered good, as only marginally useful to perfect categories
(Categories 3-5) are obtained for both verification datasets
and tercile events. This is not the case for seasonal forecasts
of near surface temperature and precipitation as shown in
previous studies (Weisheimer and Palmer, 2014; Manzanas
et al., 2018, 2022).

Individual reliability diagrams behind the color-coded cat-
egories in Fig. 3 are shown in Figs. 4 and 5 for low- and high
snow accumulation winters correspondingly. An important
aspect of the forecast system seen in these figures is sharp-
ness (see Sect. 2.1). While the ECMWF hindcasts cover a
wide range of probabilities, their sharpness is rather lim-
ited. ALA, CNAS and ENAS regions are characterized by
a strong concentration of forecasts in the lower probability
bin (around 38 %—47 % of all predictions in a region), while
the occurrence of high-probability forecasts remains modest
(around 5 %-13 %). A more balanced distribution between
low (29 %—34 %) and near-climatological (34 %—38 %) prob-
abilities is typical for CND and WNAS regions, suggest-
ing weaker forecast confidence and a tendency toward less
decisive probability assignments. Finally, three regions are
dominated by forecasts close to the climatological mean,
indicating limited sharpness. Those are WNA, NEU, and
TIB, where the majority of predictions (44 %—58 %) cluster
around the climatological mean. The above described pat-
terns show that while the forecast system is capable of issu-
ing a range of probabilities, it frequently favors low or near-
climatological probabilities, with comparatively few predic-
tions with high probabilities.

Another important feature seen in Figs. 4 and 5 is the ten-
dency of the ECMWEF hindcasts to be over-confident i.e., to
issue probabilities that are too extreme (too low for low prob-
ability bins and too high for high probability bins). This is
reflected by reliability lines with slopes flatter than 45°, al-
though the exact slope depends on the region and verification
dataset. Nevertheless, the reliability categories obtained are
always marginally useful to prefect, independent of the veri-
fication dataset. While reliability categories are generally one
category lower when assessed against ESA Snow-CClI, two
regions stand out. In CND region, the hindcasts show excel-
lent performance when assessed against ERAS-Land while
only marginally useful when compared with ESA Snow-
CCIL. In NEU region, reliability assessment always yields
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Name Acronym  Latitude Longitude Relative sample
range range size (%)
Alaska ALA 60-72°N  170-103°W 47.71
Canada CND 45-72°N  103-60°W 76.15
Western North America WNA 35-60°N  130-103°W 37.29
Norther Europe NEU 50-75°N  0-45°E 61.95
Western North Asia WNAS 50-75°N  45-90°E 99. 89
Central North Asia CNAS 50-75°N  90-135°E 100.00
Eastern North Asia ENAS 50-75°N  135-179°E 41.84
Tibet TIB 28-50°N  65-105°E 53.44
(a) ERA5LAND (b) ERA5SLAND
90°N 90°N
60°N ._ 60°N " %
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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-CCI, (e-f) ECMWF hindcasts. Eight land regions in which reliability assessment is performed
(namely, ALA, CND, WNA, NEU, WNAS, CNAS, ENAS, TIB) are shown as black boxes.

marginally useful improved category independent of the ver-
ification data and binary event.

In this study, the binary event definition is based on tercile
thresholds that corrects biases and implies that the best-fit re-
liability line always passes through the climatological inter-
section ( fx = 0, ox = 0). However, a clear off-set of the best-
fit reliability line is present in TIB and WNA regions when
compared with ESA Snow-CCI (Figs. 4b and 5b), and in TIB
region when compared with ERA5-Land (Figs. 4a and 5a),
indicating a tendency toward over-forecasting. This behavior
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is driven by grid points where SWE in the verification data
remains zero throughout the 30-year period (snow-free land),
while the hindcasts predict a variable amount of snow. As a
result, these points contribute only to “no-event” outcomes
across multiple forecast probability bins, leading to the ob-
served offset in the reliability line. While this offset is evi-
dent in both TIB and WNA regions, it is considerably more
pronounced in TIB due to a larger number of grid points with
snow free conditions in the observations but not in the hind-
casts (see Fig. 6). On that figure, a snow-free area south-west

https://doi.org/10.5194/tc-20-4605-2026
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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) ERAS5-Land, (b) ESA Snow-CCl, and for high snow accumulation (upper tercile) winters assessed against (¢) ERAS5-Land, (d) ESA
Snow-CClI. 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.

of the Himalayan arc can be seen in both ERA5-Land and
ESA Snow-CClI. Incidentally, it is also present in regional
snow re-analyses, such as the High Mountain Asia Snow Re-
analysis (Liu et al., 2021). However, the snow-free conditions
appear farther south in the hindcasts, indicating a bias in the
snow transition line in the ECMWF model. The biases be-
tween ERAS, ERAS5-Land, in-situ and satellite observations
over the Tibetan Plateau (encompassed by the region labeled
TIB here) are documented by Orsolini et al. (2019).

It is important to note that the results shown in panels
(a) and (b) of Figs. 4 and 5 are based on the same set of
hindcasts. The differences between the reliability categories
therefore reflect differences between the verification datasets.
To better understand these differences, Fig. 7a shows proba-
bility density distributions of SWE anomalies in the ECMWF
hindcasts, ERA5-Land and ESA Snow-CClI for different land
regions. Despite similarities in the probability density dis-
tributions, ERA5-Land SWE anomalies are closer to those
in the hindcasts than ESA Snow-CCI anomalies. One can
also see that anomalies in all datasets and regions are right-
skewed. The skewness is similar among datasets in WNA,
NEU, WNAS and TIB regions, while differences are more
pronounced in other regions. Differences in the skewness of
the verification datasets imply that the lower and upper ter-
ciles represent different parts of the respective distributions.
Time series of snow anomalies in Fig. 7b also show discrep-
ancies in the temporal evolution of SWE anomalies and in
the distribution of years with strong positive and negative
anomalies. The latter is important for the definition of proba-
bilistic tercile thresholds used in the reliability assessment, as
explained in Sect. 2.1. As a result, the same forecast proba-
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bilities may correspond to different extreme events and there-
fore different observed frequencies in the verification data,
leading to systematic differences in the assessed reliability.

To support this interpretation, we compute a Continu-
ous Ranked Probability Score (CRPS) which is a continu-
ous probabilistic verification metric often used for the eval-
uation of forecast systems (Hersbach, 2000). It represents
the accumulated Brier score (see Sect. 2.1) across all pos-
sible threshold values, with values closer to zero indicat-
ing better forecast performance. The CRPS is computed for
the ECMWF hindcasts with respect to the ERA5-Land and
ESA Snow-CClI verification datasets. In addition, we com-
pute Spearman’s rank correlation coefficient and the agree-
ment in binary event classification between the two verifi-
cation datasets. The former is calculated at each grid point
and measures the consistency in the ranking of years with
SWE anomalies between the two verification datasets. The
latter is defined as the percentage of data points for which the
tercile-based binary event is classified consistently in both
verification datasets at the same grid point and time. Since
the binary event classification is based on tercile thresholds
derived from the SWE anomaly distributions, differences in
the ordering of years between the verification datasets can
lead to different binary event classifications for the same lo-
cation and time. Therefore, regions with higher Spearman’s
rank correlation are expected to show higher agreement in the
binary event classification, reflecting a greater consistency
between the verification datasets.

Figure 8 shows values of the CRPS and Spearman’s rank
correlation coefficient averaged within the eight regions from
Table 1 together with the agreement metric computed by

The Cryosphere, 20, 4605-4618, 2026
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Figure 4. Reliability diagrams for the ECMWF SWE hindcasts assessed against (a) ERAS-Land and (b) ESA Snow-CCI in low snow
accumulation winters over eight land regions: ALA, WNA, CND, NEU, WNAS, CNAS, ENAS, TIB (see Table 1).

pooling all grid points and years within each region. Al-
though the reliability categories shown in Fig. 3 differ for
the two verification datasets, their CRPS values are similar
(Fig. 8a). This can be explained by the fact that CRPS inte-
grates over the full predictive distribution and is relatively ro-
bust to moderate differences between verification datasets. At
the same time, relatively low rank correlation and only 70 %—
80 % agreement in the tercile-based binary event classifica-
tion (Fig. 8b) indicate that the two verification datasets do
not classify the same years consistently as low and high snow
accumulation winters. Since reliability in this study is eval-
uated for tercile-based binary events, the forecast system is
verified against different realizations of the binary event de-
pending on the observational reference. Consequently, fore-

The Cryosphere, 20, 4605-4618, 2026

cast probabilities may appear more reliable with respect to
one verification dataset than the other. The highest values
of the Spearman’s correlation and the agreement metric are
found in regions WNA, NEU and WNAS, where differences
in reliability categories are smallest. The lowest values are
found in CND region which is also associated with the largest
difference in CRPS values (Fig. 8a) and reliability categories
(Fig. 3). We therefore conclude that the differences in reli-
ability categories shown in Figs. 3-5 are primarily due to
differences in binary event classification between the verifi-
cation datasets used in this study.

No detrending was applied to SWE anomalies prior to the
reliability assessment, as this study aims to evaluate the fore-
cast system in a real-world context, including any long-term
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Figure 5. Reliability diagrams for the ECMWF SWE hindcasts assessed against (a) ERAS-Land and (b) ESA Snow-CCI in high snow
accumulation winters over eight land regions: ALA, WNA, CND, NEU, WNAS, CNAS, ENAS, TIB (see Table 1).

systematic changes present in both the hindcasts and the ver-
ification datasets. However, to ensure the robustness of the
results obtained, a sensitivity test was performed in which
SWE anomalies were detrended at each grid point prior to the
reliability assessment. For the reliability assessment against
ERAS5-Land, only TIB region changed category from use-
ful to marginally useful. However, this region has already
been identified as particularly challenging. All other regions
retained the same categories as in Fig. 3a and c. For ESA
Snow-CClI, detrending led to some regional changes in re-
liability categories. However, the categories remain within
marginally useful to marginally useful improved, except for
WNAS region during high-snow-accumulation winters same
as in Fig. 3b and d. This indicates that the reported reliabil-
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ity of the ECMWEF seasonal snow hindcasts is robust with
respect to the presence or absence of long-term trends in the
data.

4 Discussion

Figure 3 demonstrates that reliability assessment and cate-
gorization are somewhat dependent on the choice of veri-
fication dataset. However, such behavior is not limited to
snow variables only. A similar discrepancy can be seen in the
reliability assessment of near surface temperature and pre-
cipitation in works by Weisheimer and Palmer (2014) and
Manzanas et al. (2022), where ERA-Interim reanalysis (Dee
etal., 2011) for temperature and GPCP analysis (Adler et al.,

The Cryosphere, 20, 4605-4618, 2026
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2003) for precipitation in the former versus EWEMBI dataset
(Lange, 2019) for both variables in the latter were used.

Although it may seem intuitive to place greater trust in
Earth observation products, these datasets have notable lim-
itations. It is known that ESA Snow-CCI has a systematic
bias in estimates of large SWE values (> 15cm) due to the
reduced sensitivity of passive-microwave retrievals to deep
snow and liquid water in the snowpack (Luojus et al., 2021;
Venildinen 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 Venilidinen et al. (2025) suggests bias correc-
tion for ESA Snow-CCI SWE retrievals that could be used in
the future assessments. At the same time, ERAS5-Land, while
generally robust (Mudryk et al., 2025), is known to overesti-
mate SWE, especially in mountainous areas, based on global
and regional studies (Orsolini et al., 2019; Mufioz Sabater
et al., 2021; Kouki et al., 2023; Monteiro and Morin, 2023;
Mudryk et al., 2025).

Regional variations in reliability are also evident and could
be linked to, for example, regional differences in snow dis-
tribution as well as technical limitations in both the fore-
cast model (e.g., dependence on the empirical snow cover-
to-snow depth conversion rule) and the verification datasets
(e.g., the aforementioned ESA Snow-CClI bias for large SWE
values). Reliability categories obtained when verified against
ESA Snow-CCI are slightly higher over Eurasia than over
North America. This may reflect the well-documented better
performance of this product in Eurasia compared to North
America (Luojus et al., 2021; Mortimer et al., 2022), likely
linked to the wider network of observation stations used for
SWE retrievals.

As noted in Sect. 1, numerous gridded snow products are
currently available, e.g., outputs from coupled reanalysis sys-
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tems, standalone land model simulations driven by mete-
orological forcings, satellite-derived snow estimates or ac-
tual snow observations. However, those products often show
substantial discrepancies in both magnitude and spatial—
temporal variability of snow, as well as in long-term snow
trends (see e.g., Mudryk et al., 2025). When reanalysis is
used for verification, an issue might be that it has the same
origin as the one used to initialize the forecast which may
lead to higher reliability categories. On the other hand, the
use of satellite-derived snow products for verification may
lead to an underestimation of reliability categories due to
higher uncertainty in observations and retrieval methods. The
inconsistencies between existing snow datasets therefore em-
phasize the need for continued efforts to develop a high-
quality, internally consistent snow dataset specifically suited
for the forecast verification purposes. Such dataset should,
ideally, (i) be independent of the model and data assimilation
system used to initialize the hindcasts, (ii) provide consistent
observations over a long period, (iii) have good spatial and
temporal coverage, and (iv) have known errors, biases and
limitations.

Data assimilation plays an important role in constraining
the forecast initial snow to observations. The type of assim-
ilated data and the assimilation method are, therefore, of a
key importance. In the hindcasts used here, both land and at-
mosphere initial conditions are derived from ERAS reanal-
ysis. Since the off-line ERA5-Land reanalysis uses ERAS
as atmospheric forcing, higher reliability categories obtained
when verified against ERAS-Land may partly reflect the
shared dependence on ERAS. Consistent with this interpre-
tation, similarly high categories were found when the hind-
casts were verified against ERAS itself (not shown). The re-
sults should, therefore, be interpreted as conditional on this
shared ERAS forcing dependence, rather than as a standalone
measure of forecast reliability.

The Cryosphere, 20, 4605-4618, 2026
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Avenues for future work include, but are not limited to, a
more detailed assessment of seasonal SWE forecast reliabil-
ity as a function of lead time, for example, through monthly
assessments throughout the winter season. In addition, ex-
ploring 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 spring, when snowmelt occurs with po-
tential implications for hydropower management and flood-
risk assessment. Finally, a multi-model comparison of sea-
sonal SWE forecasts produced by operational meteorologi-
cal prediction centers would provide additional insight into
model performance and reliability.

5 Conclusions

In this study, we assess reliability of winter-mean snow hind-
casts 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 fore-
cast probabilities and observed frequencies. The assessment
is performed against two SWE datasets: ERAS-Land reanal-
ysis and ESA Snow-CCI (version 4) in eight land regions in
the Northern Hemisphere excluding mountainous areas. To
evaluate the forecast performance in low and high snow ac-
cumulation 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 reli-
ability diagrams. Unlike seasonal forecasts of near surface
temperature and precipitation evaluated in previous studies
(Weisheimer and Palmer, 2014; Manzanas et al., 2022) which
occasionally found low reliability categories, SWE hindcasts
yield only marginally useful to perfect reliability categories.
Although the reliability assessment performed is sensitive to
the choice of verification dataset and yields slightly different
reliability categories when verified against ERAS-Land and
ESA Snow-CCI. This sensitivity highlights the need for con-
tinued efforts to develop a high-quality, internally consistent
snow dataset suited for the forecast verification purposes.

Data availability. Hourly ERAS5 data on single lev-
els from 1940 to present are available from the Cli-
mate Data Store website (Hersbach et al., 2023) via
https://doi.org/10.24381/cds.adbb2d47. ESA-CCI SWE v4
data are available from the CEDA website (Luojus et al., 2025)
via https://doi.org/10.5285/edf8abd23f4a40aabd4d52e48decO6ea.
ECMWEF hindcasts are available via the Meteorological Archival
and Retrieval System (MARS) under “CERISE project” dataset.
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