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Abstract. Reanalysis products provide new opportunities for assessments of historical Earth System states. This is crucial for
snow variables, where ground-based observations are sparse and incomplete, and remote sensing measurements still face
limitation. However, because reanalysis data are model-based, their accuracy must be evaluated before being applied in impact
and attribution studies. In this study, we assess the accuracy of ERA5-Land's snow cover, snow depth, and Snow Water
Equivalent (SWE) across monthly, seasonal, and annual scales, within the ecological regions of Canada and Alaska, regions
that are characterized by prolonged seasonal snow cover. Using MODIS satellite snow cover observations and the gridded
snow depth/SWE analysis data from the Canadian Meteorological Centre, we conduct a consistent benchmarking of ERA5-
Land’s snow fields to (1) identify discrepancies at both gridded and regional scales, (2) evaluate the reproducibility of spatial
structure of snow variables, and (3) uncover potential spatial patterns of discrepancies in ERA5-Land's snow statistics. Our
results highlight significant discrepancies, particularly for snow depth and SWE, where ERA5-Land tends to grossly
overestimate long-term mean values and interannual variability, while underestimating trends, i.e., moderating positive trends
and exaggerating negative ones. The discrepancies in SWE, however, are primarily driven by biases in snow depth rather than
snow density. Therefore, we advise against the direct use of ERA5-Land's snow depth and SWE in Canada and Alaska. While
snow cover and snow density may still be useful for impact and attribution studies, they should be applied with caution and

potential bias corrections particularly at local and smaller scales.

1 Introduction

Snow plays a vital role in regulating the Earth’s climate and hydrological systems. Most notably, snowpack is crucial for water
resource management as it acts as a natural freshwater reservoir, storing water during cold seasons and releasing it in warmer
months, when water is most needed (Bair et al., 2016; Deng et al., 2019). In addition, snow strongly influences the Earth's
surface albedo, impacting the surface energy budget (Lackner et al., 2022; Willeit and Ganopolski, 2018). It also serves as a
natural thermal insulator, protecting soil from extreme temperatures (Kim et al., 2018; You et al., 2014). Understanding snow
dynamics is therefore essential for assessing water availability, regional climate patterns, ecosystem health, and human
activities, particularly in high-latitude and high-elevation areas (Sexstone et al., 2016; Stiegler et al., 2016; Mitterer and

Schweizer, 2013). This knowledge has become even more pressing as climate change accelerates the decline in snow cover
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and disrupts regional water and energy balances (e.g., Barnett et al., 2005; Huning and Aghakouchak, 2020; Musselman et al.,
2021; Fang and Leung, 2023; Ryberg, 2024).

From a hydrological perspective, the extents of Snow Cover (SC), Snow Depth (SD), and Snow Water Equivalent (SWE) offer
crucial insights into regional climate and water resource management (Wang and Zheng, 2020; Li et al., 2017). SC refers to
the fraction of the land area covered by snow at a given time, which is essential for understanding albedo and, consequently,
land-atmosphere interactions (Callaghan et al., 2011; Lehning, 2013). SD, which measures the vertical distance from the
ground to the top of the snowpack, is a fundamental variable for estimating water availability and plays a critical role in disaster
management within snow-dominated regions (Shijin et al., 2022; Kazama et al., 2008). SWE quantifies the amount of water
stored in the snowpack, serving as a key parameter for managing water resources, hydropower, and flood risks (Skaugen et
al., 2012; Vionnet et al., 2021). These snow variables, exhibit significant spatial and temporal variability, driven by factors

such as latitude, topography, land cover, and weather patterns (Stiegler et al., 2016; Bormann et al., 2013).

Understanding and monitoring these dynamics are crucial for effective land and water management, as well as for anticipating
the impacts of climate change. While in-situ snow measurements provide the most direct and accurate data on snow variables
(Stahli etal., 2004; Brown et al., 2021; Vionnet et al., 2021), such data are often temporally and spatially limited, and collecting
them is labour-intensive and costly (Kouki et al., 2023). Satellite remote sensing offers a valuable alternative for snow
monitoring, providing a synoptic view across large areas (Dietz et al., 2012; Broxton and van Leeuwen, 2020). However, it
also faces limitations (Brubaker et al., 2005; Appel, 2018). For instance, temporal coverage can be limited and inconsistent
(Hassler and Lauer, 2021). In addition, while remote sensing SC is relatively straightforward using optical sensors (Hall and
Riggs, 2007), estimating SD and SWE remains challenging (Dong et al., 2005; Schilling et al., 2024). Passive microwave
sensors, such as the Advanced Microwave Scanning Radiometer for Earth Observing System (AMSR-E; Kelly et al., 2003)
and the Special Sensor Microwave/lmager (SSM/I; Grody and Basist, 1996) are commonly used for SD and SWE estimates
but tend to lose accuracy in areas with deep snow or complex terrain (Foster et al., 2005; Byun and Choi, 2014). Active sensors
like Light Detection and Ranging (LiDAR; Deems et al., 2013) and radar (Marshall and Koh, 2008) can enhance accuracy, but
their temporal coverage is limited and they are not available globally. Even for SC, challenges remain due to factors such as
cloud cover, vegetation interference, and polar nights, hindering snow detection in certain regions (Molotch et al., 2004; Hall
et al., 1998; Trepte et al., 2003).

Recently, climate reanalysis data have emerged for understanding historical Earth System states (Lindsay et al., 2014). In
essence, reanalysis is a scientific approach that merges historical climate and land observations with simulations of Earth
System models to produce a comprehensive, consistent, and continuous record of the Earth's atmosphere, oceans, and land
surface over an extended period. These datasets also include snow-related variables, allowing assessments of long-term trends
and variability across broad spatial and temporal scales. However, reanalysis data remain model-dependent and can exhibit

biases, particularly in regions where observational data are sparse (Graham et al., 2019; Sun et al., 2018). As a result, numerous
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studies have intercompared reanalysis products and benchmarked them against observations to evaluate their accuracy,
consistency, and applicability for different uses (Morice et al., 2012; Rapaic et al., 2015; Schumacher et al., 2020). Despite
providing important insights, these intercomparison studies face a number of limitations. One key issue is the scale mismatch
between the grid resolution of reanalysis data and the point-based nature of in-situ observations. This mismatch is often
overlooked (Hamm et al., 2020; Xu et al., 2022; Fatolahzadeh Gheysari et al., 2024), including for the validation of snow-
related variables (Orsolini et al., 2019; Baxter et al., 2024; Ma et al., 2023). Although some exceptions exist (Kouki et al.,
2023; Monteiro and Morin, 2023), this oversight can hinder the assessment of the spatial representation of snow characteristics
in reanalysis data. To address this, downscaling methods are suggested to reconcile the coarse resolution of reanalysis data
with finer-scale observations (Kusch and Davy, 2022). However, downscaling introduces its own uncertainties, and in some
cases, upscaling or regridding data to a common resolution may be a more suitable approach, especially for larger domains
(Lei et al., 2023; Kouki et al., 2023). Furthermore, many benchmarking studies focus primarily on gridded or regional
intercomparisons (Henn et al., 2018; Monteiro and Morin, 2023; Scherrer et al., 2023), often neglecting to assess how well
spatial structure of snow characteristics are captured or whether there are spatial patterns in discrepancies. This can obscure

systematic errors and biases in reanalysis products and may lead to inappropriate applications in decision-making contexts.

Given the aforementioned limitations, the primary objective of this study is to benchmark the SC, SD, and SWE variables
from the fifth generation of the European Centre for Medium-Range Weather Forecasts (ECMWF) Land Reanalysis (ERA5-
Land; Mufioz-Sabater et al., 2021) over northern North America, specified here by Canada and Alaska. This large region,
covering nearly 12 million km? (~9% of the global landmass), is heavily influenced by prolonged seasonal snow cover, which
profoundly shapes its climate, water availability, land characteristics, ecosystems, and human activities (Boelman et al., 2019;
Callaghan et al., 2011; DeBeer et al., 2016). The snow processes across Canada and Alaska exhibit considerable variability in
time and space, driven by factors such as seasonality, climate tele-connectivity, latitude, elevation, proximity to large water
bodies, and land cover (Bitz and Battisti, 1999; Brown, 2010; Bormann et al., 2013; Nazemi et al., 2017). For example, while
substantial snow accumulation occurs in the Canadian Rockies, and interior Alaska, snow depth is relatively shallow in coastal
British Columbia.

ERAS5-Land is land-focused and offers a finer spatial resolution than its global counterpart, ERAS5 (Hersbach et al., 2020);
however, unlike ERAD, it does not assimilate land-surface variables, and apply ERAS forcing for offline land simulations at
finer scales. Previous global assessments and regional benchmarking studies have highlighted that ERA5-Land tends to
overestimate snow variables, especially in mountainous areas (Orsolini et al., 2019; Kouki et al., 2023; Monteiro and Morin,
2023; Akyurek et al., 2023); however, these overestimations may partly result from scale discrepancies (Lei et al., 2023). In
addition, ERA5-Land’s snow density over China has shown good agreement with ground-truth observations (Gao et al., 2022).
These findings raise three critical questions: (1) How would ERA5-Land's snow variables perform when benchmarked against

reference datasets at a consistent scale? (2) Can ERA5-Land replicate the spatial structure observed in reference data, and is
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there any spatial structure in the discrepancies? (3) What is the role of snow density in potential biases of SWE? To pursue
these questions, we apply a consistent benchmarking framework using a number of statistics across the 21 ecological regions
of Canada and Alaska. We use reference satellite observations from the Moderate Resolution Imaging Spectroradiometer
(MODIS; Hall et al., 2002) for benchmarking SC. For SD and SWE, we rely on the Canadian Meteorological Centre’s (CMC’s)
snow analysis, which integrates observed and modelled snow depth with estimates of snow density used for calculation of
SWE (Sturm et al., 2010). The CMC’s SD/SWE product is widely regarded as one of the most accurate gridded datasets for
North America and has been extensively used as a reference in benchmarking studies (Frei et al., 2005; Niu and Yang, 2007;
Brown and Frei, 2007; Cooper et al., 2018; Yoon et al., 2022).

2 Data and methods
2.1 Snow data

ERAS5-Land (hereafter ERA5L) is a high-resolution reanalysis dataset, produced to capture land processes with a greater
precision at the hourly scale and 0.1° grid scale from 1st January 1950 to present. The data consist of simulation results based
on the Hydrology-Tiled ECMWEF Scheme for Surface Exchanges over Land model (HTESSEL; Balsamo et al., 2009). The
model enhances the representation of land surface processes by incorporating advanced treatments of snow hydrology, soil-
vegetation interactions, and energy fluxes. For a brief expansion of how SD, SC, and SWE of ERASL are represented and
modelled by the HTESSEL model, see Section S1 of the Supplement. These snow variables are tested against reference
products, introduced below. SD, SC and SWE data of ERA5L at their native temporal and spatial resolutions are obtained
globally for the period of January 1st 1950 to December 31th 2023 using the ECMWF Climate Data Store Application
Programming Interface (CDS-API) — see Data availability.

CMC’s SD/SWE product is used here as reference data for benchmarking corresponding variables of ERASL. CMC provides
daily analysed SD and monthly estimated SWE from 1998 to 2020 over the northern hemisphere at 24 km grid scales. The
snow depth analysis is performed using in-situ daily snow depth observations, and interpolation with “first-guess” estimates,
generated by a simple snowpack model. The snowpack model is forced with analysed temperatures and forecast precipitation
from the Canadian forecast model. In-situ observations include snow depths from surface synoptic observations and other
reports from the World Meteorological Organization (WMO) information system. For details of the analysis see Brown et al.
(2003). For a brief outline of the procedure with which SD and SWE estimates are produced, see Section S2 of the Supplement.
The CMC’s daily SD and monthly SWE data are downloaded for the entire data period of August 1st 1998 to December 3 1st
2020 at their native spatial resolution from National Aeronautics and Space Administration’s (NASA) Snow and Ice Data

Centre (NSIDC) using the HyperText Transfer Protocol Secure (HTTPS) links. Note that monthly SWE data are missing
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within all grids of the data domain during months July, August and September. We have also masked out regions with

unrealistically high SD and SWE values according to developers’ recommendation — see Data availability.

The MODIS’s SC data are widely used in climate monitoring, hydrological modelling, and snowpack assessments (e.g.,
Saavedra et al., 2018; Parajka and Bldschl, 2008; Dong, 2018; Di Marco et al., 2021). Here, we use MODIS global monthly
Level-3 (L3) snow cover data to benchmark ERAS5L’s SC product. This version of MODIS provides a composite data by
monthly averaging of the daily SC observations of the MODIS/Terra Daily L3 Global 0.05Deg CMG (MOD10C1), with the
goal of monitoring and analysing snow extent (Hall et al., 2002; Maurer et al., 2003). For a brief explanation of MODIS’s SC
algorithm, see Section S3 of the Supplement. The MODIS monthly snow cover are downloaded from 1 March 2000 to 31
December 2023 at its native spatial resolution 5 km from NASA’s NSIDC using the HTTPS links — see Data availability.

2.2 Elevation data

As the properties of snowpack significantly alters with elevation, we obtain the Global Multi-resolution Terrain Elevation Data
2010 (GMTEDZ2010; Danielson and Gesch, 2011) to monitor changes in SD, SC and SWE with respect to altitude.
GMTED2010 is an advanced digital elevation model (DEM) dataset produced by the U.S. Geological Survey (USGS) and the
National Geospatial-Intelligence Agency (NGA). GMTED2010 combines multiple elevation data sources and is widely used
in applications such as hydrological modelling, climate research, geospatial analysis, and environmental monitoring, and
disaster risk management due to its higher resolution and improved data quality (see e.g., Pakoksung and Takagi, 2021;
Ermolaev et al., 2017; Amatulli et al., 2018). The data provides various topographical variables from 84°N to 56°S across
multiple resolutions (~250, ~500 and ~1000 m). Here we consider mean elevation data at 1 km. The data is publicly available
through USGS — see Data availability.

2.3 Data harmonization

Table 1 summarizes our data support. As each dataset has its own data coverage and spatiotemporal scale, a harmonization is
necessary. We first consider the common data period of 1 March 2000 to 31 December 2020 and clip the data over the landmass

of Canada and Alaska using shapefiles available at Global Administrative Areas (GADM; https://gadm.org/data.html). We

then upscale the hourly and daily data to monthly in their native spatial grids by simple temporal averaging. This is done for
all data except elevation data as well as CMC’s SWE and MODIS’ SC data that are already at a monthly scale. We then
spatially upscale the monthly data to ~25 km grid cells, except for CMC data that are already in a comparable resolution. The
spatial upscaling is done by the weighted area averaging. The weight for each grid is assigned based on the percentage of the
original grid area that is located inside the larger ~25 km grid cell. Through the upscaling, we also handle the missing data. If
the data is missing in one or more smaller grids, the upscaled data is also considered as missing. This is a harsh filter and
particularly affects upscaling of ERAS5L grids adjacent to coastlines and waterbodies as upscaling may require considering

grids that are not within the land mask of ERASL. However, it ensures data consistency and benchmarking power.

5
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Table 1. Data support and they role in this study along with their native temporal and spatial scales, and period of data coverage

] . Temporal Spatial
Product name Role Variable name Data period
scale scale
Snow depth (SD)
ERA5-Land Test data Snow cover (SC) 1950 — 2023 Hourly ~9 km
Snow water equivalent (SWE)
Snow depth (SD) Daily
CMC Reference data _ 1998-2020 —___ —  24km
Snow water equivalent (SWE) Monthly
MODIS Reference data Snow cover (SC) 2000 — 2023 Monthly 5km
Complementary )
GMTED2010 dat Mean elevation N/A N/A ~1km
ata

While after rescaling, the data are in similar grids sizes, they do not perfectly match. To precisely match the grids, we regridded
all the rescaled data on a common 25 km grid cells. We use the grid system implemented in NASA’s Making Earth System
Data Records for Use in Research Environments (MEaSURES) data for the global landscape FT Earth System Data Record
(FT-ESDR; Kim et al., 2017). The regridding is done by the k-nearest neighbour interpolation. In a nutshell, k-nearest
neighbour is a non-parametric method for estimating a variable in an unknown point based on its known values in the
neighbouring points that are weighted based on the inverse Euclidian distance (Hatami and Nazemi, 2021, 2022). We use four

nearest neighbours for the interpolation across all datasets.

After regridding, we pair the test and reference data for each snow variable, and consider only those grids in which both test
and reference data have no missing data during the benchmarking period of 2000 to 2020. We also temporally upscale the data
from monthly to seasonal and annual. We consider months October, November, December as fall, January, February and
March as winter, and April, May, June as spring. As CMC’s SWE data are missing in July, August and September, we exclude

these three months from our study and consider the remaining nine months for bringing the data into the annual scale.

3 Case study and benchmarking procedure

To better understand the variability in snow variables and how they are compared between ERAS5L and reference products, we
consider benchmarking ERA5L’s SD, SC and SWE across 21 ecological regions that cover this domain of Canada and Alaska.
In brief, ecological regions are part of a hierarchical classification system that divides North America into areas with similar
geology, climate, vegetation and ecosystem (Omenrik, 2004; Wright et al. 1998; McMahon et al., 2004). This classification
systems facilitates consistent view at different geographic areas (see Omernik and Griffith, 2014). From north to south, these

6
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ecological regions include (1) Artic Cordillera, (2) Northern Arctic, (3) Alaska Tundra, (4) Brooks Range Tundra, (5) Southern
Artic, (6) Alaska Boreal Interior, (7) Taiga Cordillera, (8) Taiga Plain, (9) Taiga Sheild, (10) Hudson plain, (11) Softwood
shield, (12) Mixed Wood Shield, (13) Atlantic Highlands, (14) Boreal plain, (15) Boreal Cordillera, (16) Western Cordillera,
(17) Mixed Wood plains, (18) Temperate Prairies, (19) West Central Semiarid Prairies, (20) Marine West Coast Forest, and
(21) Cold Deserts. Figure 1(a) shows these regions and uniquely colour codes them. These colour codes and the above
numerical ordering are used in the rest of the paper to refer to different regions. With an area of ~1.5 million km?, Northern
Arctic (ecological region 2) is the largest region, while the ~50,000 km? Cold Deserts (ecological region 21) is the smallest.
Figure 1(b) shows the elevation of the harmonized ERAS5L grids over the domain, revealing the elevation variation between
[0 3400] m at the 25 km spatial scale. Figure 1(c) shows the percentage of grids in each ecological region used for
benchmarking at the annual scale. As can be seen many grids are not considered for analysis of SC in the northern regions,
particularly in Arctic Cordillera and Brooks Range Tundra that have no data. This is due to the fact that MODIS’s SC data is
missing in these regions in the winter months due to polar nights. Also, only around 20% of the grids in Atlantic Highlands
are considered. This is due to the particular upscaling applied here, which causes many grids with proximity to water bodies
are eliminated. On average, 58%, 86% and 78% of grids in each region are considered for annual analyses of SC, SD and
SWE, respectively. Figure 1(d) shows the percentage of grids in the entire domain that are considered at the annual, seasonal

and monthly scales. Depending on the variable and the period, between 58% to 87% of grids participate in the benchmarking.

For the purpose of benchmarking a given snow variable in an ecological region, we consider four characteristics, namely long-
term mean, standard deviation, trend and autocorrelation, and calculate them at every grid and across annual, seasonal and
monthly scales using both ERA5L and corresponding reference data. Long-term mean represents the climatological average
for the considered variable. Standard deviation measures interannual variability and quantifies the dispersion around the long-
term mean. The higher the standard deviation is, the more variability exists in the data. Trend signifies monotonic changes in
the data during the benchmarking period. We quantify the trend using Mann-Kendall’s test with Sen’s slope (see Amir Jabbari
and Nazemi, 2019; Zaerpour et al., 2021a) and consider p-values of 0.05 or lower as the thresholds for significance of trend.
Autocorrelation helps understanding the persistence and existence of memory in the data. We start with lag-0 and increase the

lag time by one until the p-values exceeds 0.05. We consider the lag before the break as the effective memory.

After these statistics are calculated for a given snow variable in a grid cell using both ERA5L and reference products, we

guantify the discrepancy either using simple or relative differences:
D = Xgpas, — XReference (1)

X -X
RD = ERASL Reference % 100 (2)

XReference
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Figure 1: (a) Spatial extent of the 21 ecological regions in Canada and Alaska; (b) variability in elevation across Canada

205 and Alaska based on harmonized elevation at the 25 km spatial scale; (c) the ratios of grids in each ecological regions
that are used for annual intercomparison of ERA5-Land snow variables, i.e., snow depth, Snow Water Equivalent
(SWE), and snow cover, with reference products; and (d) temporal variations in the ratios of grids across Canada and
Alaska, used for intercomparing ERA5-Land snow variable with reference products.

In which D and RD are simples and relative differences, and Xggs;, and Xgeference are the statistics derived by ERASL and

210 corresponding reference product, respectively. Note that D follows the unit of the statistics considered, however RD is in

percentage. As RD can be large, we also consider a scaled version of RD using the following logarithmic transformation:

log (RD) RD > 1%
RD* = 0 —1% <RD < 1% (3)
—log (|RD|) RD < —1%
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In which RD* is the scaled RD. We also consider quantifying the spatial dependence between statistics (as well as the
discrepancies in the estimates of the statistics) with latitude, longitude and elevation at each ecological region to identify
whether the considered statistics obtained from ERAS5L and the reference product displays a similar spatial structure or not.
When the spatial dependence is calculated for discrepancies, it highlights whether there is a systematic spatial structure in the
discrepancies in the considered ecological region. We use non-parametric Kendall’s tau (Zaerpour et al., 2021b; Kaemo et al.,
2022) for quantifying the spatial dependencies with latitude, longitude and elevation. p-values of 0.05 and lower are considered

for identifying the significant spatial dependencies.

4 Results

Below we evaluate (1) gridded discrepancies; (2) regional discrepancies; and (3) discrepancies in spatial structures of ERA5L
snow variables and corresponding reference products. We look into these discrepancies at annual, seasonal and monthly scales.

For the sake of brevity, figures related to discrepancies at the seasonal and annual scales are provided in the Supplement.

4.1 Discrepancies at the grid scale

Using Empirical Cumulative Distribution Functions (ECDFs), we evaluate gridded discrepancies between ERAS5L snow
variables and reference products within each ecological region at the annual scale. Within each ecological region and for a
given snow variable, we estimate the four annual characteristics, i.e., long-term mean, standard deviation, trend, and effective
memory, across all the grids using the ERA5L and associated reference products. We then quantify the discrepancies between
pair statistics, and establish ECDFs of the estimated discrepancies at each ecological region. Figure 2 summarizes the results.
Rows and columns are related to snow variables and considered statistics, respectively. From left to right, columns refer to
long-term mean, standard deviation, trend and the effective memory derived from autocorrelation test. In each panel, ECDFs
of the 21 regions are represented by different colours according to the legend. Discrepancies in the long-term mean, standard
deviation and trend, are quantified by RD"; whereas D is used for autocorrelation memory. This analysis reveals the tendency
of ERASL in each region toward under- or overestimating the statistics inferred from reference products. The tendency toward
under or overestimation can be deduced by looking at whether the median discrepancy in each region (i.e., ECDF=0.5) stays

on the left or right side of the dashed line, respectively.

While ERASL tends to overestimates the gridded long-term mean of MODIS’s SC in 10 regions, mainly located in the south,
it underestimates the standard deviation of MODIS’s SC in 15 out of 19 ecological regions. The tendency to underestimate
MODIS statistics is also seen for trends (17 ecological regions). When it comes to autocorrelation memory, ERA5L captures
the autocorrelation estimates of MODIS in the majority of grids across all ecological regions. However, in those grids that the

discrepancy occurs, it only tends toward underestimation.
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Figure 2: Empirical Cumulative Distribution Functions (ECDFs) representing gridded discrepancies between
statistical characteristics of ERA5-Land and reference products for snow cover (top row), snow depth (middle row)

and Snow Water Equivalent (SWE; bottom row) at the annual scale.

ERAGSL overestimates the long-term mean of CMC’s SD and SWE in almost all ecological regions (20 in the case of SD; 18
in the case SWE) and these overestimations can be grossly large in some grids in multiple ecological regions (up to nearly 100
times). Although more moderately, ERA5L also overestimates standard deviation of CMC’s SD and SWE (12 out of 21
ecological regions for both variable). Having said that in some regions, e.g., Artic Cordillera, the variability in annual SD is
underestimated by ERAS5L in nearly all grids. Despite the tendency to overestimation of trend and standard deviation, the
trends in annual SD and SWE are significantly underestimated by the ERA5L across all ecological regions. It should be noted
that in the case of negative trends, these underestimations mean stepper negative Sen’s slope derived by ERA5L. While the
tendency of ERASL to underestimate the autocorrelation memory of SD and SWE is much less, it is still more severe than the

one related to SC.

We repeat this analysis at the seasonal and monthly time scales. Figure S1 in the Supplement summarizes our findings. In
each panel, boxplots show the percentage of grids across 21 regions in which ERAS5L statistics overestimate corresponding
values of the reference products. To provide a means for comparison, the first greyed boxplot in each panel is related to the

annual scale; and red, blue, and green boxplots respectively show the results for the fall, winter, and spring seasons and months.

10
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The solid black line in each panel shows the expected seasonal and monthly number of grids across the 21 ecological regions
in which ERASL overestimates the reference product. Looking at SC, the tendency for overestimating the long-term mean of
MODIS is more in the fall and spring season, particularly during October and May. Having said that during the core snow
season, the tendency of ERASL for overestimating the MODIS’s long-term mean declines. Overall, it is expected that ERA5SL
overestimates MODIS’s annual long-term mean in ~48% of grids. This ratio alters seasonally between 45% (winter) to 48%
(fall). The range of discrepancies increases at the monthly scale and stays between 30% (January) to 70% (May). Similar
conclusions can be drawn regarding the standard deviation and trend estimates of SC obtained by ERA5L ; however, the issue
of underestimation is more pronounced for these two statistics. Our results emphasize that ERASL underestimate the winter’s
monthly trends in SC in almost all grids across Canada and Alaska. When it comes to autocorrelation memory, the chance of
overestimation decreases in all ecological regions, however, it relatively increases during the winter, particularly in February.
Similar to the annual scale, discrepancies in statistics of SD and SWE are similar across seasonal and monthly scales. For both
variables, the expected percentage of grids that overestimate CMC’s long-term mean stays well above 50%, except for SWE
in June. For standard deviation and trend, the chance of overestimating CMC’s statistics inclines in fall and declines in winter
months; although the chance of overestimation is much lower in the case of trend than standard deviation and expected values
stay well below 50% across all seasons and months. The chance of overestimation significantly declines in the case of
autocorrelation memory. Despite similarities in discrepancies of SD and SWE for the four considered statistics, there are some

differences as well, which can be due to discrepancies in snow density. This will be discussed in Section 5.2.

4.2 Discrepancies at the regional scale

Here we explore the expected values and variabilities of discrepancies between ERAS5L and reference products across 21
ecological regions. Figure 3 summarizes the result at the annual scale. In each panel, x and y axes measure the expected value
and variability of discrepancies between ERA5L and reference products in a given ecological region. Each dot corresponds to
one of the ecological regions based on the colour code shown in the legend and its coordinates are the first and second moments
of the associated ECDFs in Figure 2. Note that for annual long-term mean, standard deviation and trend, first and second
moments of RD"s are shown; however, for autocorrelation memory, moments are related to the simple difference (Eq. 1).
Considering long-term mean of SC, ERA5L demonstrate an expected discrepancy of £10% between ERAS5L and MODIS in

13 out of 19 ecological regions. While in 7 regions, ERAS5L overestimates MODIS statistic, it underestimates in 10 and provide

a zero discrepancy in 2 ecological regions. In 10 out of 19 regions, the Coefficient of Variations (CVs) of discrepancies (CV =

standard deviation)

oan stays below 1, indicating more consistent gridded discrepancies between ERA5L and MODIS estimates

across the ecological region. Considering the standard deviation of SC, in 16 ecological regions the MODIS statistics are
underestimated by ERA5L and this underestimation is 10% and more in 10 ecological regions. Also, in 11 out of 19 ecological
regions the CV is above 1, indicating high relative variability, and the fact that gridded discrepancies are dispersed around the

expected value in these ecological regions. Similar results can be seen with respect to trend, in which ERA5L underestimate
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trends inferred from MODIS in 15 out of 19 ecological regions; and the rate of underestimation is more 10% in 14 regions. 11
out of 19 ecological regions have CV below 1, indicating consistent gridded discrepancies in these regions. Expected mean
and variability of regional discrepancies between ERASL and MODIS largely decline for autocorrelation memory, which stay

on or below -0.1 in 15 out of 19 of ecological regions.
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Figure 3: First and second moments of annual discrepancies between ERA5-Land and reference products across
ecological regions of Canada and Alaska in (from left to right) long-term mean, standard deviation, trend and lag
memory of snow cover (top row), snow depth (middle row) and Snow Water Equivalent (SWE; bottom row)

Regional discrepancies in characteristics of SD and SWE are comparable. Long-term mean for both SD and SWE are
consistently overestimated by ERAS5L across all ecological regions and the rate of overestimation can be large (up to 8.5 time
of CMC). In 13 out of 21 ecological regions, the CVs for discrepancies in long-term mean stay below 1, indicating consistent
gridded overestimation within these ecological regions. Interannual variability, quantified by standard deviation, is also
overestimated in majority of ecological regions (15 ecological regions in the case of SD and 13 ecological regions in the case
of SWE) and the rate of overestimation can be as large as the inferred CMC statistics in some southern ecological regions. The
CVs of discrepancies stay above 1 in 11 out of 21 regions, meaning less consistent gridded discrepancies within these
ecological regions. Despite overestimating long-term mean and standard deviation, ERA5L consistently underestimate the
trend in regional SD and SWE across all ecological regions and the rate of underestimation can be as large as the estimated

trend by CMC. With respect to the autocorrelation memory in annual SD and SWE series, much better match between ERA5L
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and CMC are observed across all regions except in the case of SWE in the Northern Arctic, in which both the first and second

moment of discrepancies can be considerably larger than other ecological regions.

We also look at the expected values of the first and second moments of discrepancies at seasonal and monthly scales across
all 21 ecological regions. Figure S2 in the Supplement summarizes our findings. In each panel, dark and light grey lines
correspond to the expected values for the first and second moments of discrepancies that are gauged by the left and right y
axes. Considering the long-term mean and standard deviation of SC, the expected first and second moments of discrepancies
decline during the winter and incline in fall and spring. During the winter season and months, the ERA5L has the tendency to
underestimate MODIS statistics; however, it tends to overestimate MODIS during fall and spring. Regarding trends in SC,
expected mean of seasonal discrepancies are considerably lower than the monthly values. Expected means of discrepancies in
trends of SC increase at the monthly scale, particularly in winter months (underestimating). Considering the autocorrelation
memory of SC, the expected first and second moments of discrepancies tend toward zero, except in February. Moving to SD
and SWE, the expected first and second moments of discrepancies in long-term mean and standard deviation decline during
the winter. While the overall tendency of ERASL is to overestimate CMC’s standard deviation, it can underestimate the
variability inferred by CMC in March. Similar discussion can be extended to trend in SD and SWE. While the overall tendency
of ERASL is to underestimate the CMC'’s trend, it overestimates CMC'’s statistics in May.

4.3 Discrepancies in spatial structures of snow variables

To inspect the preservation of spatial structure in snow characteristics, we explore the spatial dependencies of snow
characteristics inferred from ERAS5L and reference products with longitude, latitude and elevation. We note that there can be
four states, revealing the degree of similarity/dissimilarity between spatial structures obtained from ERAS5L and reference
products. The first state is the condition in which the spatial dependencies obtained by ERASL and reference products have
the same sign and significance level. This condition reveals strong similarity in the spatial structures and coded here by (1,1).
The second condition is the condition in which the signs of spatial dependence inferred by ERA5L and reference products are
the same, but the significance level is different. This condition portrays weaker similarity between the spatial structure inferred
by competing products and is coded by (1,0). The third and fourth conditions reveal differences between the spatial structures
and are coded by (0,1) and (0,0) respectively. (0,1) states the condition in which the sign of spatial dependence obtained by
competing products are different, but the significance levels are the same. (0,0) states a condition in which both signs and
significance of dependence between competing products are different. Figure 4 summarizes the results related to annual
characteristics. In each panel, we identify the four states of dependence with longitude, latitude and elevation across the 21

ecological regions using light grey, dark grey and black step lines respectively.
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Figure 4: Comparison between spatial structures in annual snow variables obtained by ERA5-Land and the reference
products across the 21 ecological regions. The spatial structures are proxied by the dependencies between snow
characteristics (i.e., long-term mean, standard deviation, trend, and autocorrelation memory) and longitude, latitude
and elevation. The comparison is coded by an ordered binary pair, where the first and second digits represent the

agreement in the sign and significance of the spatial dependence (1 agree; 0 disagree).

Considering long-term mean of SC, the ERA5L and MODIS show strong similarity in spatial structure with longitude, latitude,
and elevation in 9, 11 and 6 ecological regions, respectively. For standard deviation of SC, strong similarity in spatial structures
is observed in 3, 10 and 8 regions with respect to longitude, latitude, and elevation respectively. Regarding the trend of SC,
11, 8 and 7 regions show similar spatial structures with respect to longitude, latitude, and elevation respectively. For
autocorrelation memory, it should be noted that in all ecological regions except Western Cordillera (ecoregion 16), there is not
a revealing spatial structure with both ERA5SL and MODIS as majority of grids exhibit lag-0 autocorrelation. In Western

Cordillera, strong similarity in spatial structure of ERA5L and MODIS only observed with respect to longitude.

For long-term mean of SD, the ERA5L and CMC exhibit strong similarity in spatial structure with longitude, latitude, and
elevation in 13, 13 and 11 regions, respectively. For standard deviation of SD, strong similarity is observed in 13, 14 and 10
regions with respect to longitude, latitude, and elevation respectively. Regarding the trend of SD, 9, 10 and 12 regions show
strong similarity in spatial structures with respect to longitude, latitude, and elevation. Similar condition as noted for SC is
also for autocorrelation memory of SD as in the majority of ecological region, there is no memory retrieved for SD from

ERAS5L and/or CMC and again the only meaningful autocorrelation is lag-0 in majority of the grids. However, in those
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ecological regions where there is a spatial structure, only in 1, 2 and 1 ecological regions ERA5L and CMC show strong

similarity in spatial structure with respect to longitude, latitude and elevation.

With respect to long-term mean of SWE, the ERA5L and CMC exhibit strong similarity in spatial structure with longitude,
latitude, and elevation in 13, 12, and 13 ecological regions respectively. With respect to standard deviation of SWE, strong
similarity in spatial structures is observed in 15, 14 and 9 ecological regions with respect to longitude, latitude, and elevation
respectively. Regarding the trend of SWE, 9, 12 and 11 ecological regions exhibit strong similarity in spatial structures with
respect to longitude, latitude, and elevation respectively. Again, in the majority of ecological region, there is no spatial structure
for autocorrelation memory of SWE retrieved from ERA5L and/or CMC and the only meaningful autocorrelation memory is
lag-0 in majority of the grids. In those ecological regions where a spatial structure can be retrieved for autocorrelation memory,

only 1 region depicts strong similarity with respect to latitude.

We also consider evaluating the spatial dependencies at seasonal and monthly scales. Figure S3 in the Supplement summarizes
our findings in terms of percentage of ecological regions that exhibit similar spatial structures between (1) long-term mean,
(2) standard deviation, (3) trend, and (4) autocorrelation memory with respect to longitude (black bars), latitude (dark grey
bars) and elevation (light grey bars). Considering all snow variables and across all temporal scales considered, only long-term
mean exhibit possibility for the strong similarity in spatial structure longitude, latitude, and elevation. For all other snow
characteristics and across all time scales, only possibilities for strong similarity in spatial structures are with elevation. The
highest percentage of similarity between ERA5L and CMC is in the dependence of long-term mean of SWE with latitude
inferred for October, which is similar in 16 ecological regions. These findings are largely in contrast with what observed in
the annual scale (Fig. 5), and highlights the potential for large divergences between spatial structures across monthly and

seasonal scales, despite more alignment at the annual scale.

5 Discussion

The findings presented in Section 4 evaluates the gridded, regional and spatial discrepancies of ERA5L with reference products
across different annual, seasonal and monthly scales. One essential question remained unanswered is whether there is any
spatial structure within the discrepancies identified. In addition, while we highlight similarities between discrepancies of
ERA5L and CMC with regard to SD and SWE characteristics, we also note certain differences that may be related to

discrepancies in estimates of snow density, necessitating further analyses. In this section, we explore these lines of inquiry.

5.1 Spatial structure of discrepancies

To explore the spatial structure of annual discrepancies, we look at the Kendall’s tau of gridded discrepancies with longitude,
latitude and elevation. Figure 5 summarizes our findings. In each panel, the three boxplots refer to Kendall’s tau of

discrepancies with longitude, latitude and elevation across the 21 ecological regions, sorted from left to right. Dots show the
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ecological regions in which the dependency between discrepancies and spatial elements are significant at the p-values of 0.05
or less. Considering SC, discrepancies between estimates of long-term mean have significant dependencies with longitude,
latitude and elevation across 13, 12 and 15 ecological regions, respectively. Discrepancies between interannual variabilities of
SC, proxied with standard deviation, have significant spatial dependence in 16, 15 and 10 ecological regions with longitude,
latitude and elevation, respectively. Similarly, discrepancies in the estimates of trend in SC demonstrate strong spatial
dependencies with longitude, latitude and elevation across 13, 12, and 16 ecological regions, respectively. While discrepancies
in autocorrelation memory of SC is much less than those for other three statistics, still the existing discrepancies demonstrate

significant spatial dependencies with longitude, latitude and elevation across 6, 6, and 7 regions.

Long term mean Standard deviation Trend Autocorrelation  Ecological
| 1 | | 1 | | 1 | | region
- : . ! . L
Snow | 3 : : T -+ i + .2
of 'Ha g3 of i B 0 B 0 =Sl < .3
rat i : ¥ [] + &
cover ) S} Eﬁ i T + 3 i .2
*5
1 1 -1 1 * 8
;
% 1 1 1 1 8
= 9
10
% Snow PR 2 : é é 1 é E:ﬂ I3 ES "
= 0 0 ¥ 0- 0 3
= o 5 @ H o5 1 12
G depth 1 ARRERSRERS + 1 ks 13
g 14
1 1 1 1 15
e 16
17
1 1 1 1 .18
. . 1 * 19
¢ 1. T L [} s T T e 20
WEo g | o g o pEE| o g n
e == LS o 7|7 - - 7T7 -

I 1 1 -
Longitude Latitnde Flevation Longitude Tatitude Elevalion Longitude Latitude Elevation Longitude Latitude Elevation

Spatial Variable

Figure 5: Spatial structures of discrepancies between ERA5-Land and reference products for annual long-term mean,
standard deviation, trend, and autocorrelation memory of snow cover (top row), snow depth (middle row), and Snow
Water Equivalent (SWE; bottom row) across 21 ecological regions. Ecological regions in which discrepancies have

significant dependencies with longitude, latitude, and elevation, are marked with color dots according to the legend.

Significant spatial patterns of discrepancies can be also seen in estimates of SD and SWE. Considering long-term mean of SD,
significant spatial patterns with longitude, latitude and elevation are observed across 16, 16 and 15 ecological regions,
respectively. Strong spatial patterns for discrepancies in long-term mean estimates of SWE are also observed with longitude,
latitude and elevation. Regarding discrepancies in estimated standard deviation of SD and SWE, 16 ecological regions show

significant spatial pattern, although the location of ecological regions can alter depending on the snow variable and the spatial
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element considered. With respect to discrepancies in trend estimates of SD and SWE, only 1 and 2 ecological regions do not
exhibit strong spatial pattern with longitude, respectively. Trend estimates of SD and SWE demonstrate significant dependence
with latitude in 16 ecological regions and with elevation in 13 ecological regions. Similarly, the discrepancies in the
autocorrelation memory of SD and SWE have significant dependence with longitude in 11 ecological regions, with latitude in

13 and 12 ecological regions, and with elevation in 10 and 11ecological regions, respectively.

We also look into the spatial patterns of discrepancies across seasonal and monthly scales. Figure S4 in the Supplement
summarizes our results. In each panel, the considered temporal scales are ordered in the x axes. For each temporal scale, the
three lines show the interquartile ranges of regional dependencies between discrepancies and longitude (red), latitude (green)
and elevation (blue), and the dot on each line shows the expected dependence across the 21 ecological regions. Note that for
the autocorrelation memory of SC and SD the spatial dependencies for discrepancies cannot be retrieved in several ecological

regions as there is not discrepancy between ERAL and refence data.

Our results show strong spatial patterns of discrepancies across all temporal scales. Considering all the grids in Canada and
Alaska, the discrepancies in estimates of long-term means of SC show significant dependence with longitude, latitude and
elevation in all temporal scales, although the sign of dependence alters across different temporal scales. With respect to the
discrepancies in estimates of standard deviation, again significant spatial patterns observed across all temporal scales and
spatial elements, except for the dependence with longitude in the January and May, as well as the dependence with latitude in
fall season. With respect to the discrepancies in trend estimates of SC, the only insignificant spatial patterns are related to
dependence with longitude in fall, and with latitude in May. For autocorrelation memory, in all temporal scales in which spatial
dependence can be retrieved, it is identified as significant.

Discrepancies in long-term mean of SD and SWE have significant spatial pattern across all temporal scales except with
longitude in December for SD and with latitude in November for SWE. Discrepancies in standard deviation do not show
significant dependencies with longitude in November, December and winter season for SD, and in October for SWE.
Discrepancies in the trend of SD do not show significant dependencies with longitude in October and with latitude in fall
season and October. For trend in SWE, discrepancies have insignificant dependencies with longitude in October and winter
season and with latitude in October. For discrepancies in autocorrelation memory estimates of SD and SWE, the cases with
insignificant dependencies grows compared to other statistics. For those temporal scales for which the spatial pattern of
discrepancies can be retrieved, the insignificant cases include dependencies with elevation in November, January, February
and March, as well as with longitude in January and May. For SWE insignificant cases with elevation are in fall and winter,
as well as November, December and February. Insignificant cases with longitude include those in winter, January and May.

For latitude, the only insignificant case is in May.
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5.2 The role of snow density across scales

As described in Sections S.1 and S.2, snow density in both ERA5L and CMC are model-based. In order to better understand
the nature of discrepancies in SWE estimates between the two products, we look at the estimates of long-term mean and trend
of snow density and how they differ ERA5L and CMC. Figure 6 shows the gridded estimates of annual long-term mean (top
row) and normalized trend (bottom row) of snow density obtained from the two products along with their corresponding RDs.
Normalized gridded trends are estimated by dividing the Sen’s slope to long-term mean at each grid. Major differences in the
long-term mean estimates of snow density over Canada and Alaska can be seen. Overall, the ERA5L underestimates long-
term mean inferred from CMC in about 80% of the domain, mainly in the interior west, north east and the eastern slope of the
Rocky Mountains. ERASL however overestimate snow density in eastern Canada and parts of north east, in western Alaska,

and western slopes of the Rocky Mountains.
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Figure 6: Spatial variabilities in the annual long-term mean (top) and trend (bottom) of snow-to-water density across
Canada and Alaska along with the Relative Discrepancies (RDs) between ERA5-Land and CMC products.

When it comes to estimated trend in the snow density, CMC exhibits negative trends in around 44% of the grids, out of which
~8% of grids have significant negative trends (p-value < 0.05). ERA5L however reveal negative trend in around 46% of grids,

out of which 10% show significant negative trend. Generally, ERAS5L tends to underestimate the trend in snow density inferred
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from CMC. This underestimation means moderated Sen’s slope in positive trends and exacerbated Sen’s slope in the case of

negative trends.

We repeat the above analyses at monthly and seasonal scales. Figure S5 in the Supplement summarizes our results for gridded
long-term means (left panel) and normalized trends (right panel) of snow density inferred from CMC (yellow envelope) and
ERASL (green envelope). In each panel, solid lines show the expected estimates by each product across the entire domain. For
both long-term mean and the trend, the range of estimates of CMC are considerably larger. In addition, for both products and
considering both characteristics, the ranges of estimates increase in spring and decrease in winter, which is intuitively appealing
considering the occurrence wet snow due to melt in the spring season. It is expected that ERAS5L underestimates the CMC’s
long-term mean of snow density across Canada and Alaska in majority of temporal scales considered, except in October, May,
June, and spring season. Despite significant differences in the inferred ranges of trend, both products provide rather identical

expected trends across the whole domain of Canada and Alaska and in all temporal scales considered.

In order to have a better understanding of the discrepancies, we look at the RDs in long-term means and trends in each
ecological region and inspect whether there are any dependencies with elevation. Figure 7 summarizes our finding, in which
top and bottom rows are related to long-term mean and trend in snow density respectively. Boxplots in left panels show the
gridded RDs and the red solid lines highlight the expected discrepancies across the 21 ecological regions. The middle panels
show the scatter plots of gridded RDs against elevation. The data related to each ecological region are uniquely color-coded
and black solid lines show the best linear fit to all the grids in the domain. Right panels depict the dependencies between
gridded RDs and elevation across the 21 ecological regions. Coloured bars in each panel represent the ecological regions in
which the dependencies are significant.

Considering the expected values of RDs related to long-term mean, the results reveal expected underestimations of ERA5L
across 13 ecological regions. There is an obvious north to south gradient in discrepancies, where in northern ecological regions
ERAGSL tends to underestimate CMC’s long-term snow density, whereas the tendency is toward overestimating CMC’s long-
term mean across southern ecological regions. The expected range of discrepancies is between -29% (Artic Cordillera) to 26%
(Cold Deserts). Note that the range of gridded discrepancies can be much larger, i.e., from 100% underestimation in Artic
Cordillera to 96% overestimation in Maritime West Coast Forest. The most frequent underestimation is seen in Taiga
Cordillera, where ERAS5L underestimates the long-term snow density in 97% of grids. In contrast, ERA5L overestimates
CMC’s long-term mean in 84% of grids in Cold Deserts. Looking at the best line fitted to the scatterplot of RDs in long-term
mean against elevation, it is clear that the rate of underestimation increases at higher elevations. In fact, there is no chance for
positive RDs at elevations above 2100 meters. Increasing the rate of underestimation with elevation is also valid across 18
ecological regions, from which 12 regions show significant Kendall’s tau. Only in 3 ecological regions, i.e., northern Arctic,
Taiga Shield and Softwood Shield, there are significant positive dependencies between gridded RDs and elevation showing

that the rate of underestimation declines (or the rate of overestimation increases) as elevation increases.
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Figure 7: (Left column) gridded discrepancies in the annual mean (top) and trend (bottom) of snow-to-water density
across 21 ecological regions in Canada and Alaska. Expected discrepancies are shown by solid red lines; (middle
column) variation in gridded discrepancies of the long-term mean (top) and trend (bottom) of snow-to-water density
with respect to elevation, colour coded for each ecological region. The solid black lines show the best linear fit; (right
column) the spatial dependence between discrepancies in the long-term mean (top) and trend (bottom) of snow-to-

water density with elevation across 21 ecological regions. Colour bars show regions with significant Kendall’s tau.

Considering the gridded trend in snow density, large over- and underestimation can be seen by ERAS5L across all ecological
regions. Having said that, in most of the ecological regions the grids with large over- and underestimations cancel the effect
of one another and the expected dependencies across each ecozone are much less significant than the gridded values. While in
northern regions, the expected discrepancies is close to zero, the tendency to underestimating the CMC’s snow density
increases in southern ecological regions. The most frequent underestimation is seen in Cold Deserts, in which CMC’s trends
in snow density are underestimated in 88% of grids. In contrast, the most frequent overestimation is seen in Alaska Boreal
Interior, in which ERAS5L overestimates CMC’s trend in snow density in 42% of grids. Similar to long-term mean, when all
the grids in the domain are considered, the rate of underestimation in CMC’s trend in snow density grows by increasing
elevation; however, the rate of the incline is greatly moderated in the case of trend compared to long-term mean. This
conclusion is subject to large regional variations and is confirmed in only in 3 ecological regions that show significant negative

dependencies between RDs of gridded trends and elevation.
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We also look at the gridded RDs across other temporal scales and explore how they change with respect to elevation. Figure
S6 in the Supplement summarizes our findings, in which top and bottom rows are related to discrepancies with respect to long-
term mean and trend in snow density, respectively. Left panels show the range of RDs in the entire Canada and Alaska and
across different temporal scales, in which the solid black lines show the expected RDs. Middle panels show the linear evolution
of discrepancies with elevation across different temporal scales. The grey lines are related to the annual scale, shown in Fig
S5. Solid and dashed red, blue and green lines show the linear change of RDs with elevation across fall, winter, and spring
seasons and months respectively (see the legend for the symbology). The right panels show the range of regional dependencies
between RDs and elevation, measured by Kendall’s tau, at different temporal scales. The solid black lines show the expected
Kendall’s tau across all the 21 ecological regions. Considering the long-term mean, the range of discrepancies significantly
increases in spring and decreases in winter, October and January. The overall tendency of ERASL is to underestimate the
CMC’s snow density, expect in the spring and May. Similar to the annual scale, the ERASL tends to underestimate the CMC’s
snow density more as the elevation increases; however, this tendency is subject to temporal variations. During winter and fall
the slope of the fitted lines are moderated compared to the annual scale, whereas in the spring season and months, stepper
inclines in underestimation are observed with elevation. Analysis of ecozonal dependencies of RDs in long term mean of snow
density with elevation show expected negative Kendall’s taus across the 21 ecological regions, which confirms the increase in

the rate of underestimation at higher elevations.

Considering the gridded RDs in trend of snow density, large over- and underestimation are observed across all temporal scales,
however, the ranges of RDs are reduced during winter and in March. While the overall tendency of ERA5L is to underestimate
the trend in snow density inferred by CMC, it is also expected that ERASL slightly overestimates the trend in CMC’s snow
density during winter and spring seasons, particularly in March. The rate of underestimation of the CMC’s trend increases in
higher elevations, particularly during spring and June. The regional dependencies between RDs in trend and elevation also
approves this, as across the expected regional dependencies between RDs and elevation are negative across all monthly and

seasonal scales, except November.

6 Summary, conclusion and further remarks

Reanalysis products offer new opportunities for conducting consistent and comprehensive assessments of historical Earth
System variables across the atmosphere, land, and oceans. Their extensive spatial coverage, fine temporal resolution, and
inclusion of multiple variables make them particularly useful for impact assessments and attribution studies that extend beyond
the capabilities of in-situ and satellite-based observations. This is especially important for snow variables, where both ground-

based and remote sensing measurements are limited and face significant challenges, resulting in sparse and incomplete data.

Having said that, reanalysis data are model-based; and therefore, their accuracy and reliability must be thoroughly evaluated

before being applied in such studies. In this study, we focus on evaluating the snow variables of ERASL, a high-resolution
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land reanalysis dataset from the family of ECMWF reanalysis products. Our study targets the northern regions of North
America, specifically Canada and Alaska, which are dominated by prolonged seasonal snow, in which snow variables are
crucial areas for understanding hydrology, ecosystems, and regional climate. Although ERAS5L snow fields have been
previously assessed in other regions, we identify three key gaps in existing evaluations: (i) prior studies often overlook the
scale mismatch between in-situ or remotely-sensed observations and the coarser reanalysis data; (ii) previous assessments have
not explicitly analysed the ability of ERA5L to preserve spatial patterns in snow variables; and (iii) they have not examined
whether there are spatial patterns in discrepancies that might indicate systematic biases in the reanalysis data.To address these
gaps, we implement a rigorous and consistent benchmarking approach by evaluating ERASL’s SC, SD, and SWE against
reference datasets, including MODIS’s SC and CMC’s SD/SWE products. Our analysis spans over 21 ecological regions of
Canada and Alaska, covering monthly, seasonal, and annual scales to capture both temporal and spatial variability of
discrepancies. By investigating the spatial and temporal patterns of these discrepancies, we aim to shed light on the potential
biases in ERASL’s snow fields, and to provide insights into the quality and applicability of these reanalysis products for
hydrological and water resources application.

For SC, our analysis reveals a tendency in ERAS5L to overestimate the long-term mean, while underestimating both interannual
variability and trends. We would like to reemphasize that the underestimation of trends refers also to instances where ERA5L
reports stronger negative trends compared to reference datasets. These biases in the long-term mean and variability are more
pronounced during the fall and spring. Discrepancies in trend estimates intensify during the fall and winter, and are particularly
pronounced at monthly scales. Regarding SD and SWE, ERA5L constantly shows significantly overestimations of the long-
term mean and exhibit larger tendency for overestimating standard deviation. The degree of overestimation increases at the
grid scale and is more pronounced during fall and spring. In contrast, ERAS5L consistently underestimates trends in SD and
SWE across all ecological regions, and this underestimation becomes more evident during the winter season and months.
Despite these issues, ERA5L performs relatively well in terms of autocorrelation memory across the snow variables, showing
good alignment with reference products in most ecological regions and across the various temporal scales considered. This
suggests that ERASL captures the temporal persistence of snow processes relatively well, particularly for SC, even though it

struggles with accurately representing long-term means, interannual variability and trends.

At the annual scale, the spatial patterns of SC, SD, and SWE can be better preserved along latitudinal gradients. However, as
the analysis shifts to seasonal and monthly scales, this alignment shifts toward elevation. Notably, spatial patterns of standard
deviation, trends, and autocorrelation can be only preserved with respect to altitudinal gradients, regardless of the time scale
considered. Our findings also reveal significant spatial patterns in the discrepancies between ERA5L and reference products.
The spatial patterns of discrepancies are most pronounced along longitudinal gradients, particularly for SD, and become more
significant when analysing the entire domain, rather than individual ecological regions, and are especially evident at monthly
and seasonal scales.
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Our study confirms the substantial overestimation of SWE and SD by ERAS5L, consistent with recent findings in the literature
(e.g., Kouki et al., 2023; Lei et al., 2023; Scherrer et al., 2023; Monteiro and Morin, 2023), which may be linked to the
overestimation of snowfall (Orsolini et al., 2021). However, we go a step further by examining discrepancies in snow density
estimates between ERASL and the reference CMC product. Our results indicate that CMC’s snow density estimates are
generally higher, especially in northern ecological regions, at higher elevations, and during winter. While the discrepancies in
trends of snow density between the two products can be notably large at the grid scale across all regions—with both
overestimation and underestimation of CMC’s snow density—these differences diminish significantly when aggregated at the
ecological regions or across the entire domain. Additionally, we find that ERA5L exhibits a tendency to underestimate trends
inferred by CMC’s snow density at higher elevations, though this tendency is less pronounced than the tendency noted for

long-term mean of snow density.

Our findings highlight key discrepancies between ERA5L and reference products across Canada and Alaska. Based on our
analysis, we conclude that ERASL’s estimates of SD and SWE are less reliable than its SC field. Considering the entire domain
and during the whole study period, the average SWE is estimated by CMC as 85.4 mm, but 306.9 mm by ERA5L. Accordingly,
we advise against using SD and SWE directly for impact assessment and attribution studies in Canada and Alaska. However,
we also observe that the discrepancies in SWE are primarily driven by errors in SD rather than snow density. As such, we
believe ERA5L’s estimates of SC and snow density can still be utilized in Canada and Alaska, albeit with caution. For localized
studies, we recommend bias-correcting ERAS5L’s SC and snow density using in-Situ and satellite observations. At larger
regional scales, spatial bias correction should also be considered. Additionally, ERASL’s SC and snow density estimates could
be integrated with more reliable SD products to produce improved gridded estimates of SWE and regional snow water

availability.

We hope our study fosters more informed and effective use of ERAS5L reanalysis data for snow-related research in the Great
White North.

Data availability

All data used in this study are publicly available. ERA5-Land data can be obtained at Climate Data Store, available at
https://cds.climate.copernicus. eu/datasets/reanalysis-era5-land?tab=download. CMC’s SD/SWE product is available at
NASA’s NSIDC available at https://nsidc.org/data/nsidc-0447/versions/1#anchor-data-access-tools. MODIS data can be also
obtained from NASA’s NSIDC at https://nsidc.org/data/mod10cm/versions/61#anchor-documentation. Elevation data can be

obtained from USGS available at https://www.usgs.gov/coastal-changes-and-impacts/gmted2010.
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