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Abstract. Northern Hemisphere (NH) snow cover extent (SCE) is one of the most important indicator of climate change due
to its unique surface property. However, short temporal coverage, coarse spatial resolution, and different snow discrimination
approach among existing continental scale SCE products hampers its detailed studies. Using the latest Advanced Very High
Resolution Radiometer Surface Reflectance (AVHRR-SR) Climate Data Record (CDR) and several ancillary datasets, this
study generated a temporally consistent 8-day 0.05<gap-free SCE covering the NH landmass for the period 1981-2019 as part
of the Global LANnd Surface Satellite dataset (GLASS) product suite. The development of GLASS SCE contains five steps.
First, a decision tree algorithm with multiple threshold tests was applied to distinguish snow cover (NHSCE-D) with other
land cover types from daily AVHRR-SR CDR. Second, gridcells with cloud cover and invalid observations were filled by two
existing daily SCE products. The gap-filled gridcells were further merged with NHSCE-D to generate combined daily SCE
over the NH (NHSCE-Dc). Third, an aggregation process was used to detect the maximum SCE and minimum gaps in each 8-
day periods from NHSCE-Dc. Forth, the gaps after aggregation process were further filled by the climatology of snow cover
probability to generate the gap-free GLASS SCE. Fifth, the validation process was carried out to evaluate the quality of GLASS
SCE. Validation results by using 562 Global Historical Climatology Network stations during 1981-2017 (r=0.61, p<0.05) and
MOD10C2 during 20012019 (r=0.97, p<0.01) proved that the GLASS SCE product is credible in snow cover frequency
monitoring. Moreover, cross-comparison between GLASS SCE and surface albedo during 1982-2018 further confirmed its
values in climate changes studies. The GLASS SCE data are available at https://doi.org/10.5281/zenodo.5775238 (Chen et al.
2021).

1 Introduction

Season snow cover is the largest component of the cryosphere and has been designated as one of the Essential Climate
Variables (ECVs) of the Global Climate Observing System (GCOS) due to its high surface albedo, heat insulation, and
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contribution to soil moisture and runoff (GCOS, 2019b; Bojinski et al., 2014). The global mean winter maximum snow cover
extent (SCE) is about 47>10% km=in which 98% is distributed in the Northern Hemisphere (NH) (NSIDC, 2019). Therefore,
NH snow cover is highly concerned by the International Panel on Climate Change (IPCC) (Hock et al., 2019) and World
Meteorological Organization (WMO) (WMO, 2020), and plays a crucial role in the Earth’s climate system through the surface
energy budget (Flanner et al., 2011; Chen et al., 2016; Thackeray and Fletcher, 2016; Chen et al., 2015), atmospheric
circulation (Henderson et al., 2018), as well as hydrological cycle (Immerzeel et al., 2019; Barnett et al., 2005; Pulliainen et
al., 2020), and influences freshwater resources across a large proportion of the NH, especially in the mountain regions (Barnett
etal., 2005).

Accurate information on SCE in NH is vital not only for an improved understanding of the role that snow cover plays in the
Earth climate system but also for disaster prevention for several reasons. First, snow cover has important linkages with large-
scale climate system anomalies through its influence on surface energy (Flanner et al., 2011; Chen et al., 2015; Chen et al.,
2016). The shrinkage of SCE reduces the reflection of Earth surface, results in additional absorbed solar radiation in Earth-
Atmosphere system, and leads to rising surface air temperatures (Qu and Hall, 2014). Thus, the presence or absence of snow
cover controls patterns of heating and cooling over Earth's surface more than any other land cover types. Second, SCE is
sensitive to both climate change on long-term and weather on short-term. For example, snow cover is proved to be closely
related with several climate anomalies, such as vegetation phenology (Chen and Yang, 2020; Peltoniemi et al., 2018),
monsoons (Boos and Kuang, 2010), river sediment (Nie et al., 2015), livelihoods (Haynes et al., 2014), and sea ice thickness
(Mallett et al., 2021). Third, snow cover has great potential to influence the regional hydrological cycle and results in
subsequent ecosystem anomalies. For example, decrease in spring SCE in Tibetan Plateau is contribute to advance in vegetation
greenness onset (Dong et al., 2013) and dynamics of vegetation growth (Wang et al., 2018). Moreover, early snowmelt
significantly enhances boreal springtime carbon uptake (Pulliainen et al., 2017). Fourth, snow cover also supporting lives
(Immerzeel et al., 2019). Seasonal snow cover across the Tibetan Plateau constitutes vital surface water storage for Southwest
China and neighboring Asian countries, and sustains more than one billion people in Asia. Last, abnormal snowmelt in spring
and snowfall in winter are being a serious threat to water resource sustainability and social-economic development, such as
agricultural production damage (Qin et al., 2020), spring flooding (Diffenbaugh et al., 2013), as well as building collapse, road
congestion, and avalanches.

Because of above mentioned significances of SCE, the scientists have given considerable consideration to map and monitor
SCE since 1960s. Compared with traditional field snow surveying, satellite remote sensing has distinct advantages in SCE
mapping, such as large spatial coverage, fine spatial resolution, high temporal resolution, and economical and practical in
application (Yang et al., 2013; Frei et al., 2012). Several published SCE datasets are available in climate change studies, as
listed in Table 1, including the binary daily snow cover mask derived from the Interactive Multi-sensor Snow and Ice Mapping
System (IMS) (Helfrich et al., 2007), the Northern Hemisphere Weekly Snow Cover and Sea Ice Extent (NHSSCE) (Brodzik
and Armstrong, 2013), the Moderate-Resolution Imaging Spectroradiometer (MODIS) snow cover products in Climate Modeling
Grid (CMG) (Hall et al., 1995), the Suomi National Polar-orbiting Partnership (NPP) Visible Infrared Imaging Radiometer
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Suite (VIIRS) CMG snow cover product (Key et al., 2013), the European Space Agency (ESA) Global Snow Monitoring for
Climate Research (GlobSnow) (Pulliainen, 2006), the ESA Snow Climate Change Initiative (CCI) global daily snow viewable
on top of the forest canopy (SCFV) (Naegeli et al., 2021a) and snow cover fraction on ground (SCFG) (Naegeli et al., 2021b)
from MODIS and Advanced Very High-Resolution Radiometer (AVHRR) sensors, the long-term NH daily 5-km SCE product
(JASMES) (Hori et al., 2017), and the snow water equivalent products from the Advanced Microwave Scanning Radiometer-
Earth Observing System (Kelly et al., 2003) and GlobSnow (Pulliainen, 2006). Based on the above mentioned SCE dataset,

continental scale snow cover anomalies in coarse spatial resolution have been quantified in published studies.

However, compared with other components at the land surface, the cryosphere, including snow cover, is still one of the most
under-sampled domains of the Earth system (WMO, 2020). The existing continental scale snow cover dataset are summarized
in Table 1. Although satellite remote sensing has been employed in SCE monitoring for several decades, the limitations of
public SCE dataset, such as incomplete spatial coverage (e.g., MODIS CMG, VIIRS CMG, JASMES, ESA SCFG and SCFV),
short time span (e.g., VIIRS CMG, GlobSnow SE, and IMS), and low spatial resolution (e.g., NOAA NHSCE-CDR, NHSSCE,
and MEaSUREs NHSCE) still pose great challenges in capturing the robust long-term trends of snow cover variables and largely
restrict their application in climate change. In particular, SCE studies prior 2000 are mainly based on NOAA NHSCE-CDR at
100km spatial resolution and NHSSCE at 25 km spatial resolution. In spite of JASMES, ESA snow CCl SCFG and SCFV have
provide daily SCE at 5km spatial resolution before 2000, the tremendous gaps caused by invalid observations, cloud
contamination, and limited track coverage still hampered their application in hemispheric SCE studies.

To serving studies in snow cover, climate change, and monitoring snow related activities, such as the detection of variability
and trends, climate modelling, and applications of hydrology, meteorology, and biology, a usability long-term series,
temporally consistent, and gap-free SCE data set is needed. Accordingly, the objective of the present study was to develop an
8-day gap-free terrestrial SCE over the NH as a new member of the Global LANnd Surface Satellite (GLASS) products suite
(Liang etal., 2021). To achieve this objective, we executed five tasks. First, we generate a NH daily 5-km SCE record (NHSCE-
D) using the National Oceanic and Atmospheric Administration (NOAA) Climate Data Record (CDR) of AVHRR Surface
Reflectance (AVHRR-SR CDR), Version 5 (Vermote et al., 2019) though a decision tree approach. Second, we merged
NHSCE-D with JASMES and ESA SCFG to develop a combined daily SCE over the NH (NHSCE-Dc). Integration or
combination of multiple products is a new trend in satellite product generation (Liang et al., 2018; Muhammad and Thapa,
2020; Gascoin et al., 2019). Compared with other published snow cover products, JASMES, ESA SCFG, and ESA SCFV are
available longterm daily SCE derived from AVHRR images in finer spatial resolution (5km). To take advantage of their
temporal consistence and fill gaps in NHSCE-D, both JASMES and ESA CCI SCFG are employed in the combination process.
Since ESA CCI SCFV focus on viewable daily snow cover fraction from space on top of the land surfaces instead of ground,
it was excluded in the combination process. Third, to remove the remaining gaps and improve the spatial integrity, we
aggregated NHSCE-Dc in each 8-day period to get the maximum SCE (NHSCE-8Dc) and minimum gaps in each 8-day period.
Fourth, the resting gaps in NHSCE-8Dc were further filled by the 8-day climatology of snow cover probability to develop the
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8-day gap-free GLASS SCE. The spatial and temporal complete IMS in 4 km spatial resolution during 2005-2019 was
employed to calculate the 8-day climatology of snow cover probability for each gridcell. Finally, independent variables form
the Global Historical Climatology Network (GHCN) daily snow depth observations, 8-day MODIS CMG products
(MOD10C2), and the CLoud, Albedo and surface RAdiation dataset from AVHRR data Edition 2a surface albedo (CLARA-
A2-SAL) were employed in the validation and quality assessment analysis. The datasets used in this study are introduced in
section 2. The detained methods for GLASS SCE development is presented in Section 3. The results are displayed in Section

4. The discussion and conclusions are given in Section 5.

2 Datasets

To illustrate the process of GLASS SCE generation, datasets used for NHSCE-D generation, existing SCE data sets used in
combination and integration, independent variables used for validation and cross-comparison analysis were described

separately in this section.

2.1 Data sets used for NHSCE-D generation

The AVHRR-SR CDR, the Terra and Aqua combined MODIS land cover climate modeling grid (MCD12C1), and elevation
data are key input variables of NHSCE-D generation.

2.1.1 AVHRR-SR CDR

The AVHRR-SR CDR gridded daily surface reflectance and brightness temperatures derived from the AVHRR sensors
onboard eight NOAA polar orbiting satellites, including NOAA-7, NOAA-9, NOAA-11, NOAA-14, NOAA-16, NOAA-17,
NOAA-18, and NOAA-19 at 0.05spatial resolution spans from 1981 to the present (Vermote et al., 2019), which is the best
data source for large-scale and longterm snow mapping, especially for years before 2000. The spectral bands of AVHRR-SR

CDR are listed in Table 2. The quality control (QA) descriptions are summarized in Supplementary Table S1.

Compared with AVHRR images used in previous studies, such as Hori et al. (2017) and Zhou et al. (2013), the AVHRR-SR
CDR has calibrates different NOAA polar orbiting instruments and provides consistent global daily average surface reflectance
and brightness temperatures, which facilitates their application in longterm snow cover mapping. Evaluation results of the
AVHRR-SR CDR in the monitoring of United States wheat yield (Franch et al., 2017) and gap-free daily SCE generation over
the Tibetan Plateau (Chen et al., 2018) demonstrated that the AVHRR-SR CDR were reliable in mapping of longterm terrestrial
surface variables. Therefore, for purpose of the present study, the daily AVHRR-SR CDR for the period 1981-2019 at 0.05°

spatial resolution is employed as the primary input data for GLASS SCE generation.
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2.1.2 MCD12C1 land cover dataset

To increase the snow discrimination accuracy from the AVHRR-SR CDR, the development of NHSCE-D was initiated within
the MCD12C1 International Geosphere Biosphere Program (IGBP) land cover types in year of 2019 at 0.05“spatial resolution.
The MCD12C1 IGBP classification divides the global land surface into 17 types, including 11 natural vegetation types, 3 land
use related types, and 3 vegetation-free land types (Friedl and Sulla-Menashe, 2015). To increase the snow cover discriminating
accuracy among different land cover types, we re-classified the NH land cover into four types cording to the IGBP
classification (Supplementary Table S2), i.e., (1) forests and shrublands, (2) grasslands, (3) barren land, and (4) permanent
snow and ice. The forests and shrublands include evergreen needle-leaf forest, evergreen broad-leaf forest, mixed forest, closed
shrublands, open shrublands, and woody savannas, the grasslands, include cropland/natural vegetation, grasslands, and
cropland, the barren lands include barren and sparsely vegetated, urban, and built-up. , and the permanent snow and ice types

equal to the types defined by the IGBP classification scheme.

2.1.3 Elevation dataset

To detect cloud cover before the snow detection process, an auxiliary global 1-km resolution land surface digital elevation
model (DEM) derived from the 30 arc-second NASA Shuttle Radar Topography Mission (SRTM30) (Becker et al., 2009) was
used in this study.

2.2 Datasets used for combination and integration

Due to gaps caused by track, swath, solar zenith angle, view zenith angle, and cloud contamination of original AVHRR images,
the spatial coverage of snow cover datasets retrieved from daily AVHRR observations are inevitable incomplete in spatial
coverage. To fill gaps in NHSCE-D, published daily SCE products retrieved from AVHRR observation using different
algorithms including JASMES, ESA SCFG were employed in the combination analysis. Moreover, to exclude the influence
of bright surface in snow cover detection and fill resting gaps after the combination process, the spatial and temporal complete
IMS was also used in the combination and integration analysis.

2.2.1 JASMES daily SCE dataset

The JASMES daily SCE dataset was developed by the application of a consistent objective snow cover mapping algorithm
based on the historical optical sensors on NOAA polar orbiting satellites for the period 1978-2019, including AVHRR GAC
radiance data during 1978-2019, and MODIS radiance data during 2000-2019 (Hori et al., 2017). The estimation results of
unbiased JASMES SCEs using long-term NOAA SCE have endorsed the performance of JASMES in snow mapping (Hori et
al., 2017). Due to systematic bias between AVHRR GAC and MODIS radiance data may influence the consistency of JASMES
in snow cover detection, this study only used SCE retrieved from the AVHRR GAC radiance data.

2.2.2 ESA SCFG daily SCF dataset
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The ESA SCFG provides global daily SCF on ground from AVHRR for the period 1982-2019 at 0.05 spatial resolution
(Naegeli et al., 2021b). The retrieval method of the ESA SCFG product is originates from the ESA GlobSnow approach
described in Metsémé&ki et al. (2015) and complemented with a pre-classification module. All cloud free pixels are then used
for the snow extent mapping, using spectral bands centered at about 630 nm and 1.61 pm, and an emissive band centered at
about 10.8 pm. similar with JASMES, the spatial coverage of ESA CCI SCFG is also incomplete. Since the ESA CCI SCFG
is a newly released dataset, the

2.2.3 IMS daily SCE products

The IMS provides daily binary snow cover mask created manually by a snow analyst approach, which enables qualified
analysts to access multiple sets of remotely sensed data in order create and distribute maps of snow and ice at three different
resolutions (1 km, 4 km, and 24 km) across the NH (Nsidc, 2008). However, short temporal coverage limits its application in
longterm climate studies. Therefore, we employed IMS in snow cover probability calculation instead of combining with
NHSCE-D. To obtain snow cover probability at comparable spatial resolution with NHSCE-D at 0.05< the IMS at 4-km spatial
resolution for the period 2005-2019 was used in the analysis. For a given gridcell, the snow cover probability was calculated
by the number of years with snow cover divided by the number of years. The daily rate of agreement between the IMS snow
maps and ground snow observations between 2006 and 2010 ranged mostly between 80% and 90% through winter seasons
over Continental United States (Chen et al., 2012). Moreover, the IMS has been used to generate gap-free SCE over the NH

because of complete spatial coverage and high temporal resolution (Chen et al., 2021).

2.3 Data sets used for validation and cross-comparison analysis

To verify the reliability and performance of GLASS SCE in snow cover mapping over the NH, GHCN daily snow depth
observation, objective MOD10C2, and CLARA-A2 land surface albedo dataset were used in the analysis.

2.3.1 GHCN daily snow depth observations

By assembling and checking observations made in multiple different nations, the GHCN provides daily snow depth records
from over 75,000 stations in 180 countries and territories (Menne et al., 2012). For purpose of the present study, 562 GHCN
stations over the NH covering 1982 to 2017 were selected in the analysis. The distribution of the selected GHCN stations is

displayed in Figure 1.

Missing records of daily snow depth were filled by using accompanied daily surface air temperature and daily precipitation
according to Yuan et al. (2016) and Xu et al. (2017). When the missing records were less than 15 consecutive days, if the daily
average surface air temperature was below 0<C, then daily precipitation was added to the daily snow depth, and if the daily

average air temperature was between 0<C and 2<C, then half of the precipitation was added to the daily snow depth.

2.3.2 MOD10C2 8-day snow cover fraction products
The MOD10C2 reports the 8-day percentage of snow-covered land globally at 0.05“spatial resolution since 2000 (Hall and

Riggs, 2016). The 8-day composite is considered useful because persistent cloudiness limits the number of days available for



190

195

200

205

210

215

d

https://doi.org/10.5194/essd-2021-279
Preprint. Discussion started: 16 December 2021
(© Author(s) 2021. CC BY 4.0 License.

Earth System
Science

Data

Open Access
Su0ISSNOS|

surface observations in many regions, particularly at high latitudes (Frei et al., 2012). In this study, the MOD10C2 were used
to verify the performance of newly developed GLASS SCE after 2000, because MOD10C2 is the only consistent, objective
snow estimate derived from optical satellite observations with finer spatial resolution compared with AVHRR retrieved
GLASS SCE. For purpose of the present study, the MOD10C2 during 2000—2019 were employed in the analysis. Moreover,
missing SCF values in MOD10C2 were filled by the climatology of SCF calculated from IMS during 2005—-2019.

2.3.3 CLARA-A2-SAL surface albedo data

Surface albedo is defined as the ratio of the reflected radiation flux to the incoming radiation flux, which is a key forcing
parameter controlling the partitioning of radiative energy between the atmospheric and surface and has also been designed as
one of the ECVs (Gcos, 2019a). The CLARA-A2-SAL is generated based on a homogenized AVHRR radiance time series
and is created by using algorithms to derive surface albedo for different land use areas separately, which is the only available
long time-span albedo product derived from AVHRR imagery (Karlsson et al., 2017). Changes in snow cover have been shown
to be related closely with anomalies in land surface albedo because of its high reflectance (Chen et al., 2015).Therefore, the
independent long-term CLARA-A2-SAL for the period 1982—2019 at a spatial resolution of 0.25° was used to compare with
the spatiotemporal variability in snow cover calculated from the GLASS SCE in this study.

2.4 Data preparing
Details of datasets used in this study are listed in Table 3. Abbreviations used in this study is listed in appendix Table 1.

To match the spatial resolution of the AVHRR-SR CDR, datasets used in this study were regridded at a spatial resolution of
0.05=and an array resolution of 7200 > 1800 gridcells with the geographic projection. The geographic coordinates of the
upper-left gridcell are 90.0N latitude and -180.0<longitude. The geographic coordinates of the lower-right gridcell are 0°
latitude, 180.0<longitude. For datasets with spatial resolution finer than 0.05< we used "average" in the resampling process,
which computed the weighted average of all non-NODATA contributing pixels in the domain of our study. For datasets with

spatial resolution coarser than 0.05< we used "cubic-spline™ in the resampling process.

3 Methodology

The flowchart of GLASS SCE generation is presented in Figure 2. First, by using the quality control flag (Supplementary
Table S1), gridcells with valid observations in channels 1-5 of AVHRR-SR CDR were chosen in the subsequent analysis.
Second, the cloud detection was carried out to distinguish cloud cover with other land surface types. Third, the NHSCE-D was
retrieved from resting gridcells of AVHRR-SR CDR by using a decision tree approach. The decision tree and threshold values
for snow mapping are listed in Figure 2. Fourth, the NHSCE-D were combined with JASMES and ESA SCFG to fill the gaps
caused by invalid observations and cloud cover. Fifth, the NHSCE-Dc was aggregated to produce an 8-day maximum SCE
over the NH (NHSCE-8Dc) to improve the spatial integrity of NHSCE-Dc. Finally, remaining gaps in NHSCE-8Dc were filled
by using the snow cover probability to generate a spatial complete gap-free GLASS SCE.

7
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3.1 Quality control and invalid observations detection

By using the quality control flag (Supplementary Table S1), grid cells with valid observations in channels 1-5 were selected
in NHSCE-D generation, in which only the quality control flags of "1" in bit 7, indicating channels 1-5 of AVHRR-SR CDR
are valid were chosen in the subsequent analysis. Moreover, to reduce the error in snow detection caused by distortions in pixel

geometry, only gridcells with a view zenith angle of less than 45°were used in this study.

3.2 Cloud cover detection

Previous studies have reported that the cloudy flag in AVHRR-SR CDR appears to overestimate cloudy pixels compared with
traditional cloud detection (Chen et al., 2018). Therefore, we did not adopt the cloudy and cloud shadow flag that accompanies
the AVHRR-SR CDR. To resolve this issue, we employed the cloud detection test and threshold values (Supplementary Table
S3) according to Hori et al. (2017), as listed in Supplementary Table S3.

3.3 Snow cover mapping

A decision tree was employed to classify the land surface over the NH into snow and non-snow. Based on the MODIS IGBP
land cover classification, gridcells in study area were reclassified into four types at the beginning of the snow cover detection
process. The variables and thresholds for snow and non-snow classification applied in the decision tree are shown in Figure 3,
in which the NHSCE-D is defined as the combination of Snow-01 to Snow-04.

The snow-covered area is often estimated by using optical satellite information in combination with the normalized-difference
snow index (NDSI) by referring to the normalized-difference vegetation index (NDV1), particularly in dense vegetation regions
(Hall et al., 1995). The NDSI thereby uses a threshold for the definition if a satellite pixel is assumed to be snow and non-
snow. Most of these threshold values in snow cover detection were combinations of the conventional snow detection tests
employed in polished studies, including Khlopenkov and Trishchenko (2007), Kidder (1987), Zhou et al. (2013), and Hori et
al. (2017). Moreover, they have been applied in hemispherical SCE mapping with good applicability (Hori et al., 2017).

The spatiotemporal representativeness of the standard NDSI threshold of 0.4 (Hall et al., 1995) is questionable at the local
scale, such as Zhang et al. (2019) and Zhou et al. (2013). However, according to H&er et al. (2018), using the standard NDSI
threshold of 0.4 is adequate for satellite products with a pixel size of 500 m and more. For higher-resolution snow cover
mapping, significant improvements in the quality of the snow cover maps can be achieved if a threshold is used which is
variable in space and time. For snow cover mapping in coarse spatial resolution with a pixel size of 500 m or greater, the
advantage of a location-dependent NDSI threshold vanishes. Usually, the NDSI was measured by using the red (0.63 pm) and
shortwave infrared (1.64 pm) bands. As there are no shortwave infrared observations around the 1.64 pm in the AVHRR-SR
CDR, we used the reflectance at 3.7 pm for an NDSI-like calculation and adopt 0.80 as the NDSI-like threshold in snow cover
mapping process, following Hori et al. (2017).
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3.4 Composition process

To improve the spatial coverage and reduce the omission error of the NHSCE-D, a composition process was carried out to fill
gaps caused by invalid observations and cloudy pixels. Two existing daily snow cover products retrieved from AVHRR images,
including JASMES and ESA SCFG were used in the composite procedure. First, the gaps in NHSCE-D were filled by JASMES
and ESA SCFG to produce a preliminary daily gap-filled NHSCE (NHSCE-G1). Second, the NHSCE-G1 was merged with
NHSCE-D to generate a combined daily SCE over the NH (NHSCE-Dc). Using NHSCE-Dc in GLASS SCE development will
reduce the omission error in individual SCE dataset.

3.5 Aggregation process

Subject to limited valid observations in AVHRR images, the spatial coverage of NHSCE-Dc is still incomplete. To improve
the usability of NHSCE-Dc in climate change studies and match the temporal resolution of MODIS snow cover products after
2000, the NHSCE-Dc and rest gaps (Gaps-A) were first aggregated at each 8-day period to generate an 8-day maximum SCE
(NHSCE-8Dc) and an 8-day minimum gaps (Gaps-B). The 8-day periods are listed in Supplementary Table S4. Then, the
Gaps-B were filled by the climatology of 8-day snow cover probability calculated from the spatially complete IMS dataset
during 2005-2019. For each gridcells covered by Gaps-B, the climatology of snow cover probability was employed to
discriminate snow from non-snow, in which only the snow cover probability >50% was flagged as snow (NHSCE-G2) in the
gap-filling process. Finally, the NHSCE-G2 were merged with NHSCE-8Dc to generate a spatial complete gap-free GLASS
SCE.

3.6 Accuracy assessment of GLASS SCE

The GHCN daily snow depth records and MOD10C2 were used in the accuracy assessment of GLASS SCE. Compared with
the newly developed GLASS SCE, the GHCN daily snow depth observations and 8-day MOD10C2 represent consistent and
objective snow estimates derived from ground measurements and satellite retrieves in finer spatial resolution, respectively.
To estimate the accuracy of the GLASS SCE, we used annual SCF as criteria in the validation analysis, in which the annual
SCF was defined as the total number of frames with snow divided by the number of frames in a year. For each GHCN snow
depth observation, we first extract the number of days with snow depth greater than O cm in each 8-day period of the year.
Then, the stations with snow-covered days greater than 1 day were flagged as snow in a given 8-day period. Finally, the annual
SCF was defined as the total number of frames with snow divided by the number of frames in a year. For MOD10C2, we
calculated the annual SCF by averaging all frames in a year.

The root-mean-square error (RMSE) and bias were used as criteria to evaluate the relative precision of GLASS SCE (X)) to
GHCN stations or MOD10C2 (Y;) during their overlapping periods. The RMSE and bias of X; relative to Y; are calculated
following Eq. (1) and Eq. (2), respectively:
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RMSE = |23, (X; = )2, €

Bias =~ Y1 (X; - Y;) , 0

where X; is the SCF of grid cell i calculated from GLASS SCE, Yi; is the referencing SCF of grid cell i calculated from GHCN
stations or MOD10C2.

4 Results

To verify the feasibility of GLASS SCE in climate change studies, we first estimated the relative accuracy of GLASS SCE to
GHCN snow depth observations and MOD10C2. Then, we cross-compared GLASS SCE-retrieved SCF with GLARA-A2-
SAL surface albedo in further.

4.1 Validating of GLASS SCE by using GHCN snow-depth observations

In situ GHCN snow depth observations are used to verify the performance of GLASS SCE to capture the distribution of
“ground truth” SCF in this study. Limited by the temporal coverage of GHCN snow depth observation, the comparison between
annual SCF calculated from GHCN and GLASS SCE was carried out for the overlapping period 1982-2017. Moreover, due
to missing observations of AVHRR-SR CDR in late 1994, the year of 1994 is excluded in the analysis. The spatial patterns of
the 35-year averaged SCF over the NH calculated form GHCN snow depth stations and GLASS SCE for the period 1982—
2017 are displayed in Figure 4.

As shown in Figure 4, there are clear latitudinal gradient patterns for 35-year annual SCF from NH middle to high latitudes in
both GHCN-observed SCF (Figure 4a) and GLASS SCE-retrieved SCF (Figure 4b), with low SCF values distributed in
middles latitudes, but high SCF values occurred in high latitudes and high altitudes regions. The 35-year averaged annual SCF
calculated from 562 GHCN snow depth observations is 38.14% (%8.19%) for the period 1982-2017. Comparably, the value
from GLASS SCE is 47.66% (+15.76%) at the same time span.

The detailed comparison between 35-year averaged annual SCF calculated from GHCN snow depth stations and GLASS SCE
(GLASS SCE-based SCF minus GHCN-observed SCF) over the NH for the period 1982-2017 (without 1994) are shown in
Figure 5. The spatial distribution of differences indicate a better performance of GLASS SCE in low latitudes compared with
high latitudes around the northern Europe and high altitudes around Chersky Mountains in Russia (Figure 5a). In most sites,
the GHCN-observed SCF are consistent with the GLASS SCE-retrieved SCF, in which the linear correlation coefficient (r)
varies as 0.61 at the 95% significant level (Figure 5b). However, the value of GLASS SCE-retrieved SCF are much higher
than the GHCN-observed SCF, especially in rare snow distributed regions, in which the RMSE and bias between GLASS
SCE-retrieved SCF and GHCN-observed SCF are 16.05% and 9.19%, respectively.
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The distribution of annual SCF differences (Figure 5¢) explored that the GHCN stations with positive bias account for 81.18%
of the total stations employed in this study, in which the differences between 5-10%, 10-15%, and >20% account for 22.58%,
18.10%, and 18.10% of the GHCN stations, respectively. Meanwhile, the GHCN stations with negative bias account for 18.82%
310 of the total stations used in this study, which are mainly distributed in low to middle latitudes of North America.
Subjected to limited spatial representation of GHCN stations, the GHCN-observed SCF would give results that are highly
dependent on particular locations (latitude and elevation). Such results would mostly reflect those accidental circumstances
rather than yield meaningful information about the climate (Hansen et al., 2010). Therefore, the current differences between
GLASS SCE-retrieved SCF and GHCN-observed SCF are reasonable in snow-related studies. Even though, the GLASS SCE-
315 based SCF still skillfully captures SCF over the NH calculated from GHCN observations, which proves that the GLASS SCE

approach used in our study is reliable.

4.2 Validating of GLASS SCE by using MOD10C2

The comparison between annual SCF calculated from GLASS SCE and MOD10C2 was carried out for the overlapping period
2001-2019. The 19-year averaged annual SCF calculated from MOD10C2 and GLASS SCE are shown in Figure 6. There are
320 similar latitudinal and altitudinal gradient for annual SCF over the NH in both MOD10C2-retriebed SCF (Figure 6a) and
GLASS SCE-retrieved SCF (Figure 6b). The 19-year averaged annual SCF over the NH calculated from GLASS SCE and
MOD10C2 are 21.03% (£26.17%) and 20.62% (+25.14%) for the period 2001-2019. The annual SCF below 10% are mainly
distributed in low latitudes United States and Eurasia. Compared with MOD10C2-retriebed annual SCF, the low SCF values
in north margin of Africa and South America are not displayed in GLASS SCE-retrieved SCF maps. This is mainly caused by
325 the 8-day climatology of snow cover probability used in the GLASS SCE generation.
The spatial distribution of differences between 19-year averaged annual SCF over the NH calculated form GLASS SCE and
MOD10C2 (GLASS SCE-based SCF minus MOD10C2-based SCF) for the period 2001-2019 are shown in Figure 7.
Compared with MOD10C2-based SCF, the GLASS SCE-retrieved SCF displayed a generally greater values in high latitudes
regions and a lower values in low to middle latitudes over the NH. The detailed distribution of differences further demonstrated
330 that most of the gridcells have a positive bias over the NH (figure 7c), in which the negative bias beyond -1% only account for
21.17% of the total gridcells. In comparison, the positive bias ranged from 1-5% and 5-10% account for 31.15% and 21.49%
of the total gridcells, which represents the major differences distribution intervals.
The results from scatter plots (Figure 7b) indicated that the SCF calculated from GLASS SCE and MOD10C2 are tightly
correlated over the NH for the period 2001-2019, with r varies as 0.97 at the 95% significant level, accompanied with RMSE
335 and bias varies as 2.05% and 5.82%, respectively. Therefore, the GLASS SCE has comparable performance with MOD10C2
over the NH for the period 2001-2019.
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4.3 Cross-comparison between GLASS SCE and CLARA-A2-SAL

To further verify the performance of GLASS SCE in climate changes studies, this study focuses on the melting season of the
snow cover (April-August) over the NH, which contains the most interesting albedo dynamics, similar with Riihel&et al.
(2013). The cross-comparison between April-August averaged annual SCF and surface albedo over the NH during 19822018
was conducted, as shown in in Figure 8.

The distribution of 37-year mean of April-August averaged land surface albedo across the NH during 1982-2018 is similar to
the climatology of the annual-mean SCF distribution, with high values distributed at high latitudes and high altitudes regions,
but low values distributed in plains and low latitudes (Figure 8a). Moreover, changes in April-August averaged land surface
albedo are highly consistent with SCF anomalies over the NH for the period 1982—-2018, in which the correlation coefficient
are positive in 78.68% of the entire study area (Figure 8b).

The interannual variability of April-August averaged land surface albedo and GLASS SCE-retrieved SCF shown consistent
peaks and valleys for the period 1982-2018 (Figure 8c), with peaks occurred in year of 1992, 1996, and 2009, and valleys
distributed in year of 2001, 2005, and 2016. In addition, both land surface albedo and SCF displayed significant decreasing
trend between 1982 and 2018. The results of scatter plots further confirmed the tight correlation between land surface albedo
calculated from CLARA-A2-SAL and SCF calculated from GLASS SCE, with r varies as 0.76 at the 95% significant level
(Figure 8d). By comparison with independent land surface albedo, we found that the newly developed GLASS SCE is feasible

in capturing long-term snow cover anomalies across the NH.

5 Discussion

The long-term snow cover across the NH has not been well documented owing to limited data availability. Compared with
previous SCE products derived from AVHRR images, the development of GLASS SCE takes advantage of the consistent daily
average surface reflectance and brightness temperatures from AVHRR-SR CDR, which reduced the systematic differences
between individual AVHRR sensors including TIROS-N, NOAA-7, NOAA-9, NOAA-11, NOAA-14, NOAA-16, and NOAA-
19, as well as the bias between AVHRR sensors and MODIS. Both binary snow mask and fractional snow cover are taken into
consideration in the development of GLASS SCE. Compared with binary snow mask, fractional snow cover in each gridcell
would provide better accuracy because of fragmented snow distributions over the NH. However, due to relatively coarse spatial
resolution of AVHRR-SR CDR and complex topography over the NH, the endmembers within each gridcell vary over time,
which limits the application of spectral unmixing algorithms among images with different times and locations. Thus, we
developed binary snow mask instead of fractional snow cover products in the present study.

Although daily SCE dataset based on AVHRR images have been developed, such as Hori et al. (2017) and Naegeli et al.
(2021b), the demand for longterm gap-free SCE records still cannot be fully satisfied caused by cloud contamination, swath
coverage, warm bright surface features, and low illumination in daily AVHRR images and subsequent daily SCE products.

Moreover, owing to shortage of satellite observations before 2000, gap-filling of daily SCE products is unachievable. In

12



370

375

380

385

390

395

d

Earth System
Science

Data

https://doi.org/10.5194/essd-2021-279
Preprint. Discussion started: 16 December 2021
(© Author(s) 2021. CC BY 4.0 License.

Open Access
Su0ISSNOS|

addition, the development of SCE with finer spatial resolution, such as high-resolution operational snow cover maps from
Sentinel-2 and Landsat-8 data (Gascoin et al., 2019), cannot replace the role of longterm SCE in climate change studies.
Therefore, aggregation of daily SCE to 8-day composite SCE is a reasonable solution to remove gaps in SCE products.

Due to incomplete spatial and temporal coverage, the validation of snow classification of daily NHSCE-D is difficult.
Therefore, we employed three independent datasets including GHCN daily snow depth observations, 8-day MOD10C2 snow
cover fraction, and CLARA-A2-SAL to verify the application accuracy of GLASS SCE in this study. The validation analysis
of GLASS SCE by using GHCN daily snow depth stations displayed a general overestimated SCF values over the station-
covered gridcells for the period 1982—-2017. This phenomena was mainly caused by the coarse spatial resolution of the GLASS
SCE, which provides the average SCF in pixel scale, which cannot totally catch and reflect the “ground truth” of SCF in
specific spot location. Moreover, as shown in Figure 1, to meet the needs of long temporal coverage in the validation process,
only 562 stations were selected in the analysis. The selected GHCN snow depth stations are not evenly distributed over the
NH and most of the selected stations are located in middle latitudes and Europe. Therefore, this study also employed objective
MOD10C2 in the validation analysis. The cross-comparison between GLASS SCE and MOD10C2 provides comparable
spatial distribution over the NH for the period 2001-2019. In addition, the cross-comparison between GLASS SCE and
CLARA-A2-SAL between 1982 and 2018 further confirmed the potential of GLASS SCE in climate change studies.

6 Data availability

The newly developed 39 year 8-day gap-free GLASS SCE data sets provides binary maps of snow cover for the NH from
September 1981 to the December 2019. The data are freely available at https://doi.org/10.5281/zenodo.5775238 (Chen et al.
2021), which are organized by year and provided in GeoTIFF formats. The gridcells were flagged as “1” if covered by snow
and 0 if no snow. This continual scale gap-free SCE product will beneficial snow cover and climate change applications,
especially for years before 2000.

7 Conclusions

The extent of snow cover over the Northern Hemisphere is a vital indicator of climate change, and plays an irreplaceable role
in climate model simulations. To meet the demands of longterm gap-free SCE dataset in climate change monitoring and
forecasting, this study developed a 39 year consistent 8-day 0.05 degree gap-free SCE dataset over the NH for the period 1981—
2019 based on the NOAA AVHRR-SR CDR and several contributory datasets. Using AVHRR-SR CDR as primary input
dataset ensures the temporal consistent of GLASS SCE. Compared with published continental scale snow cover datasets, the
newly developed GLASS SCE dataset has several advantages in snow cover studies over the NH, including long time series,
finer spatial resolution (especially for years before 2000), and complete spatial coverage, compared with NOAA NHSSCE
(low spatial resolution), Suomi-NPP and MODIS (short time span), as well as ESA SCFG and JASMES (incomplete coverage).
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Moreover, combination with two existing SCE products and aggregation daily SCE in 8-day interval improve the spatial
integrity of GLASS SCE.

Compared with the 35-year averaged annual SCF (38.14+8.19%) calculated from 562 GHCN snow depth observations for the
period 1982-2017 (without 1994), the comparable results from GLASS SCE are higher (47.66 +15.76%) at the same time
span, which indicate a overestimated SCF in the newly developed GLASS SCE. However, the validation by using 8-day
MOD10C2 snow cover products for the period 2001-2019 indicated that the performance of GLASS SCE is comparable with
MOD10C2. The annual SCF calculated from GLASS SCE and MOD10C?2 are tightly correlated over the NH for the period
2001-2019, with correlation coefficient r being 0.97 at the 95% significant level, accompanied with RMSE and bias varies
being 2.05% and 5.82%, respectively. Moreover, the cross-comparisons between the independent April-August averaged
annual SCF calculated form GLASS SCE and land surface albedo calculated from CLARA-A2-SAL are highly correlated (r
=0.76, p < 0.05) for the period 1982—-2018 which further demonstrates the reliability of GLASS SCE in climate change studies.
Although some issues remain in GLASS NHSCE, such as overestimated overestimation of SCF compared with GHCN ground
observations and MOD10C2. This long-term composite snow cover data set is still suited for studying seasonal snow cover
over the NH and could presents a unique opportunity for climatological and hydrological studies on seasonal snow cover and
snow-related model simulations across the NH for its long time span, relative finer spatial resolution, and complete spatial
coverage. With the application of deep learning in snow cover detection, long-term, high-quality, and fine resolution fractional

snow cover products are expected in the future.
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Figure 7. (a) Spatial distribution of differences between 19-year averaged annual SCF calculated from GLASS SCE and MOD10C2
over the NH for the period 2001-2019. (b) Scatter plots between 19-year averaged annual SCF calculated from GLASS SCE and
MOD10C2 for the period 2001-2019. (c) Range of 19-year annual SCF differences calculated from GLASS SCE and MOD10C2 for
the period 2001-2019. The differences were given by GLASS SCE-retrieved annual SCF minus MOD10C2-based SCF annual SCF.
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Datasets Spatial resolution  Temporal resolution Time span Spatially integrated References
Weekly 1966-1999.05 Yes Robinson et al. (2012)
NOAA NHSCE-CDR 190.6 km i ]
Daily 1999.06-Present Yes and Estilow et al. (2015)
Brodzik and Armstrong
NHSSCE 25 km Weekly 1980.09—Present Yes
(2013)
MEaSUREs NHSCE 25km Daily 1999.01-2012.12 Yes Robinson et al. (2014)
1 km Daily 2014.12—Present Yes
IMS 4 km Daily 2004.02—Present Yes Nsidc (2008)
24 km Daily 1997.02—Present Yes
JASMES 5 km Daily 1978.11-2019.12 No Hori et al. (2017)
Daily
MODIS CMG 5km 8-day 2000.01-Present No Hall et al. (1995)
Monthly
VIIRS CMG 5 km Daily 2012.01-Present No Key et al. (2013)
ESA Snow CCI SCFG . Naegeli et al. (2021b)
5km Daily 1982.01-2019.06 No _
ESA Snow CCI SCFV Naegeli et al. (2021a)
GlobSnow SE 1 km Daily 1995.06-2012.04 No Pulliainen (2006)

Table 2. Summary of spectral bands of CDR of AVHRR-SR CDR.

Bands Wavelength (pm)

Description

0.58-0.68
0.725-1.00
3.55-3.93
3.55-3.93
10.30-11.30
11.50-12.50

~N oo o B W N P

Surface Reflectance at 0.64 pm (SR1)
Surface Reflectance at 0.86 um (SR2)

Surface Reflectance at 3.75 microns (SR3)

Brightness Temperature at 3.75 microns (BTa7)
Brightness Temperature at 11.0 microns (BT11)
Brightness Temperature at 12.0 microns (BT12)

quality control flag
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Variable Datasets Spatial resolution Temporal resolution  Time span References
Surface reflectance  AVHRR-SR CDR 0.05° Daily 1981-2019 Vermote et al. (2019)
Friedl and Sulla-Menashe
Land cover types MCD12C1 0.05° Yearly 2019
(2015)
Elevation SRTM30 1-km - Becker et al. (2009)
JASMES 0.05° Daily 1981-2019 Hori et al. (2017)
IMS 4-km Daily 2005-2019 NSIDC (2008)
Snow cover - -
ESA SCFG 0.05° Daily 1982-2019 Naegeli et al. (2021b)
MOD10C2 0.05° 8-Day 2000-2019 Hall and Riggs (2016)
Snow depth GHCN - Daily 1982-2017 Menne et al. (2012)
Surface albedo CLARA-A2-SAL 0.25° 5-Day 1978-2015 Karlsson et al. (2017)

660

30

suolssnasig



