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Abstract

The extent and duration of snow cover, a critical component of the hydrologic
cycle and the global climate system, is expected to shift dramatically under climate
change. Therefore, developing high-resolution assessments of snow cover change is
crucial for estimating the impact of changing snow cover on the hydrologic system, as
well as for understanding other fundamental processes, such as snow-vegetation and
snow-permafrost feedbacks. Remote sensing tools provide a powerful method for
mapping snow-covered area (SCA) across a landscape. The most common method for
estimating SCA utilizes the normalized difference snow index (NDSI), which relies on
spectral measurements in the shortwave-infrared wavelengths (SWIR). NDSI can
effectively estimate catchment- to regional-scale SCA, but it cannot be used to assess
fine-scale SCA because of current limitations on the resolution of satellite-derived SWIR
measurements. Here, we map SCA using only a threshold of blue wavelengths and
high-resolution satellite imagery. The thresholding method, which we call the Blue Snow
Threshold algorithm (BST), has previously been used with digital camera imagery, but
here we refine and automate the algorithm for use with cloud-free high-resolution
satellite imagery and find that the BST can be used to assess fine-scale SCA when
clouds are not present. For validation, we compared BST-derived estimates of SCA to
a) airborne lidar surveys, b) Landsat fractional SCA, and c) snow disappearance dates
from Snow Telemetry (SNOTEL) stations. When compared to airborne lidar surveys of
SCA, the BST predicted SCA had a range of F-scores between 0.81 and 0.94 in four
study areas in California and Colorado. We also found general agreement between
SCA and snow disappearance at multiple SNOTEL sites across the western United
States. Given the relatively recent availability of high-resolution satellite imagery with
spectral measurements in the visible wavelengths but lacking in SWIR, the BST offers a
reliable and easy-to-apply tool for examining fine-scale snow-related processes.

1. Introduction
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Snow is integral to the global climate system because its high albedo reflects
incoming solar radiation, regulating the amount of solar energy transferred to the land
surface, especially during the spring months in the Northern Hemisphere (Budyko,
1969; Déry and Brown, 2007; Groisman et al., 1994; Sellers, 1969; Thackeray and
Fletcher, 2016). Due to its low thermal conductivity, snow also insulates the underlying
ground from atmospheric influences, which can lead to higher soil temperatures
beneath the snow (Barry, 1996; Zhang, 2005). In high-latitude and high-altitude
hydrologic systems, snow is a dominant source of groundwater recharge and river
discharge (Adam et al., 2009; Callaghan et al., 2011; Liston and Hiemstra, 2011; Mote
et al., 2005; Stewart et al., 2005). As high-latitude and high-altitude regions of the planet
warm and seasonal precipitation patterns shift under climate change, high spatial and
temporal resolution maps of snow cover are critical for evaluating impacts to both
regional hydrology and local-scale changes in snowpack duration and extent.

Understanding the extent and duration of snow cover is integral to many
ecosystem and geologic processes in cold regions. Permafrost soils are particularly
sensitive to the insulating effects of seasonal snow depth because permafrost thaw and
degradation is amplified in areas with long-duration snow cover (Biskaborn et al., 2019;
Gisnas et al., 2014; Park et al., 2015; Smith et al., 2022; Uhlemann et al., 2021; Zhang
et al., 1997). Likewise, Arctic tundra plant communities, species composition, and
phenology are heavily dependent on the quantity of winter snow and the timing of snow
melt (Kelsey et al., 2021; Mekonnen et al., 2021; Niittynen et al., 2020; Schmidt et al.,
2019; Wilcox et al., 2019). Field campaigns which aim to capture the timing of snowmelt
and map snow-covered area (SCA) are spatially and temporally limited, particularly in
remote regions like the Arctic (Bennett et al., 2021). Hence, field observations alone are
unable to evaluate regional changes in snow cover extent and duration.

Remote sensing has proven to be a powerful method for mapping SCA at
regional scales (Bennett et al., 2019; Crumley et al., 2020; Dietz et al., 2012; Hall et al.,
2002; Nolin, 2010; Rittger et al., 2013). Of all natural materials, snow has among the
highest reflectance of radiation in the visible wavelengths (Figure 1; Meerdink et al.,
2019; Nolin, 2010), and the reflectance can even be greater than that of clouds (e.qg.,
Figure 2 in Dong, 2018).The high reflectance of snow is a unique property which has
made optical remote sensing methods of show mapping attainable. Scientists have a
long history of using visible wavelengths to estimate SCA. From the 1960s through the
early 1990s, the National Oceanic and Atmospheric Administration (NOAA) employed
trained meteorologists to analyze true-color, visible satellite images of snow cover
extent in the northern hemisphere in order to create weekly maps of SCA (Matson and
Wiesnet, 1981; Wiesnet et al., 1987). These maps were derived from multiple satellite
platforms, like the early Very High Resolution Radiometer (VHRR), the Advanced Very
High Resolution Radiometer (AVHRR), the Geostationary Operational Environmental
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Satellite (GOES), and MeteoSat (Groisman et al., 1994). The NOAA snow cover maps
served as the basis for decision making about the timing and spatial extent of spring
snowmelt and as a climate record in long-term studies of weather and climate, even
though they were relatively low-resolution and manually drawn (Groisman et al., 1994;
Robinson et al., 1993).
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Figure 1. Examples of spectral curves for common natural materials. The blue, green,
and gray shaded area indicate the blue, green, and shortwave infrared wavelengths,
respectively. Within the blue wavelengths, coarse granular snow has a nearly 80%
greater reflectance than the other natural objects. Spectral data are from the Ecostress
Spectral Library (Meerdink et al., 2019).

The Normalized Difference Snow Index (NDSI; Dozier, 1989; Rango and Itten,
1976) has become the most commonly used optical remote sensing index for identifying
snow-covered land surfaces. NDSI is defined as:

NDSI = (pgreen_pswir) (1)

(pgreen*pPswir)
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where pgr..n and ps,;- are spectral reflectance (p) in the green and shortwave infrared
(SWIR) wavelengths, respectively. NDSI leverages the high pg;.c., and low pg,,;, of
snow (Figure 1), and binary classifications for the presence or absence of snow typically
use a threshold of NDSI >0.4, where pixels with NDSI values greater than the threshold
are classified as snow.

Whereas the binary classification of SCA using NDSI provides a prediction of the
presence or absence of snow cover, fractional SCA (fSCA) algorithms estimate the
fraction of a given pixel estimated to contain snow (Gascoin et al., 2020; Painter et al.,
2009; Rittger et al., 2013; Salomonson and Appel, 2004; Selkowitz and Forster, 2016).
Some studies use a multivariate polynomial regression approach to derive fSCA from
NDSI (Barton et al., 2000; Salomonson and Appel, 2004), while others employ multiple
endmember spectral analysis approaches (Nolin et al., 1993; Painter et al., 2009). The
primary SCA products are the MOD10A1 Modis/Terra Snow Cover grid (Hall and Riggs,
2021; Hall et al., 2002), the Modis Snow Cover Area and Grain Size (MODSCAG)
product (Painter et al., 2009; Rittger et al., 2013), and the Landsat fSCA (Selkowitz et
al., 2015.; Selkowitz and Forster, 2016). Landsat fSCA is a 30 m spatial resolution data
product generated from Landsat Collection 1 surface reflectance and top of atmosphere
reflectance data from imagery acquired by Landsat 4-8. The MOD10A1 and MODSCAG
products both estimate SCA at 500 m. Although these snow cover products are
effective at mapping fSCA at regional and basin scales (e.g., Salomonson and Appel,
2004), satellite remote sensing-derived estimates of SCA at the sub-hillslope scale are
lacking.

While Landsat and MODI10A1 products are widely used, they do have
limitations. The frequency of Landsat image acquisition every 16 days limits the use of
the Landsat fSCA product for studies that require high temporal frequency. And
although the MODIS SCA are daily products, the 500 m spatial resolution of the product
is too coarse for hillslope-scale resolution, which is necessary to evaluate important
snow feedback processes, such as the influence of snow cover on permafrost
degradation or the heterogeneity of snow disappearance in complex topography (Parr et
al., 2020). Therefore, to map SCA at the sub-hillslope scale, we need datasets with high
spatial resolution and high temporal frequency, along with a method to predict SCA that
does not rely on SWIR wavelengths.

Non-optical remote sensing methods such as airborne laser scanning (ALS; e.g.,
Kostadinov et al., 2019; Painter et al., 2016) and synthetic aperture radar (SAR; e.g.,
Nagler et al., 2016) have been developed to generate SCA and snow depth
measurements in areas where optical sensors traditionally perform poorly. For example,
ALS is particularly useful for generating high spatial resolution estimates of snowpack
properties below the canopy in densely forested ecosystems (Kostadinov et al., 2019)
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where imaging from optical sensors is severely limited (Muhuri et al., 2021). SAR-based
approaches to estimating snow properties have been explored to overcome the
limitations of optical sensors, such as cloud cover and darkness, which are especially
detrimental to optical estimates of winter snow properties in high-latitude regions (Tsai
et al., 2019). Although both ALS and SAR are effective at mapping snow distributions,
the widespread application of ALS, which can produce very high-resolution estimates, is
limited by the necessity of airborne missions that cover a small footprint and are costly.
SAR data suffer from the need for expert processing and interpretation (Lillesand et al.,
2015) and a resultant resolution (5 x 20m for Sentinel-2) that is too coarse for evaluating
hillslope-scale processes driven by snow accumulation and redistribution.

Commercial satellite imagery provides a means by which SCA can be estimated
at high spatial resolution and high temporal frequency. Multispectral reflectance is
measured at high resolution (<5 m) by commercial satellites, which provide free imagery
for U.S. government researchers (Neigh et al., 2013). For example, the PlanetScope
satellite constellation from Planet Labs (Planet Labs Inc., 2019) has been increasing
global image acquisition frequency to near daily resolution over the past decade, with
imagery products ranging in spatial resolution from 3 to 5 m. However, commercial
satellites have only limited measurements of reflectance in the SWIR wavelengths
(Planet, for example, does not measure SWIR), which prohibits the widespread use of
these satellite products for NDSI calculation. Yet, despite these spectral limitations, the
suitability of commercial satellite imagery for estimating SCA has recently been
demonstrated (Cannistra et al., 2021; Hu and Shean, 2022; John et al., 2022) . Using a
machine learning approach that incorporated 3 m, 4-band PlanetScope imagery, SCA
was, on average, accurately predicted for 73% of pixels in a forested basin in California
and 62% of pixels in a climatologically different basin in Colorado (Cannistra et al.,
2021). While these results are encouraging, ease and accessibility of estimating SCA
from commercial imagery could be facilitated by the development of a method that
solely leverages the high visible wavelength reflectance of snow and does not rely on
advanced statistical techniques.

A previously developed, simple method for binary assessment of SCA leverages
the high spectral reflectance of snow in the visible spectrum by using a thresholding
method based on a typically bimodal distribution of p,;,. (Fedorov et al., 2016; Salvatori
et al., 2011). Although simplistic, the thresholding method has been shown to be
effective in generating binary predictions of SCA from oblique digital camera and
webcam images (Aalstad et al., 2020; Salvatori et al., 2011; Salzano et al., 2019), but to
our knowledge, has not been used to derive SCA from high-resolution satellite imagery.
Because the thresholding method relies only on the p,;,. Of an image, it can be applied
to cloud-free, high-resolution true-color imagery, such as that acquired by commercial
satellites.
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Here, we develop an automated algorithm, which we call the Blue Snow
Threshold algorithm (BST), that, for a given satellite image, dynamically defines a
threshold p,;.,., Which is used to generate a binary classification of snow versus non-
snow pixels. We then apply the BST to high spatiotemporal resolution satellite imagery
to generate binary SCA predictions. First, we compare BST-derived SCA to snow cover
maps generated from airborne lidar surveys at two sites in California and two in
Colorado. Next, we compare BST-derived SCA to estimates derived from Landsat fSCA
at five sites across the western U.S., including three sites in Alaska. Then, we compare
the snow disappearance date determined from snow depth measurements at four snow
telemetry stations to the snow disappearance date estimated by BST-derived SCA for
the same locations. Finally, we discuss the suitability of commercial satellite imagery
acquired at high spatial resolution and high temporal frequency for estimating fine-scale
spatial and temporal changes in SCA across our study sites.

2. Data & Methods
2.1 Binary snow masks generated from the BST

Generating binary masks of SCA from multispectral imagery requires the use of a
threshold on specific bands or indices. For example, a pixel is considered snow-covered
when NDSI > 0.40, py g >0.11, and pgeen >0.10 (Nolin, 2010). Similarly, the BST
calculates a threshold value to generate binary snow mask classifications; however,
unlike the fixed NDSI thresholds, the BST algorithm dynamically defines a threshold
pPpiue Value for a given image based on first, the p, . and second, the smoothed
histogram of py;,.. for the image.

Each pixel in the satellite image is classified as either snow-covered (1) or non-
snow (0) according to the following condition:

1 Phiue(x,y) =t

S(x,) = {0 @

else

where S(x,y) is a pixel within a given image which is being classified, pp.(x, y) is the
Priue fOr the pixel, and t is the threshold defining snow versus non-snow pixels for the
entire image. The determination of t is described in detail below and is visually
demonstrated as a flow chart in Figure 2.
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Figure 2. Flow chart demonstrating the automated threshold (t) calculation procedure of
the Blue Snow Threshold algorithm. Images with a high percentage of snow cover
follow the left side of the chart, and images with mixed snow and non-snow pixels follow
the right side of the chart.

2.1.1 Threshold for images containing a high snow cover percentage

In the case when an image is nearly or fully snow-covered (e.g., Figure 3a), the
distribution of p, ;. has a negative skew (Figure 3b; Salvatori et al., 2011; Aalstad et al.,
2020). Because of the high py;,.. 0f snow (Figure 1), images dominated by snow-cover
have a p,.e > 0.70 (or 7,000 for PlanetScope images, which are scaled by 10,000)
(Figure 3b; Salvatori et al., 2011), whereas images with a comparable mixture of snow
and non-snow pixels, ppe IS << 0.7 (Figure 3d,e). Therefore, the first procedure in the
BST algorithm is the calculation of ppe - When ppe > 0.70, the BST algorithm
assumes that the image is composed primarily of snow pixels (Figure 3a) and uses a
fixed t = 0.70 (Figures 2,3b), above which all values are classified as snow (Figure 3c).
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The threshold value of 0.70 was chosen because it is nearly double the pp;,.. for mixed
snow and non-snow images (see Figure 3b,e).

2.1.2 Threshold for mixed snow and non-snow images.

For images where py,.. <0.70, the BST assumes the image is only partially
snow-covered and calculates the smoothed histogram of p,;,.. Images with partial snow
cover (Figure 3d) often have a bimodal distribution of py;,.. (Figure 3e; Salvatori et al.,
2011; Fedorov et al., 2016; Aalstad et al., 2020). The dynamic threshold approach takes
advantage of this bimodality. The algorithm tests for bimodality using Hartigan’s dip test
for unimodality (Hartigan, 1985) implemented using the diptest package in Python.
When p,;,.. IS bimodally distributed, t is defined as the first local minimum where py;,,. >
Prive (Figures 2,3e). In most cases, t for a partially snow-covered image with a bimodal
distribution of p,;,. is found in the trough between the peaks although it is not
necessarily the minimum p, ;. Within the trough (Figure 3e). For cases where the
distribution is monomodal, t = py. (Figure 2). In the case where the p,;,,. distribution
is monomodal with zero skew, t will be the peak of the distribution. Note that this case
never occurs in our images. In cases of positive skewness, which occurs often
(supplementary Figure S1), t will be greater than the peak.

We note that an image with nearly full snow coverage (Figure 3a) can also have
a bimodal distribution of p;;,,. (Figure 3b). However, the p,;,. values are negatively
skewed with the peaks of the distribution occurring at > 0.70. For example, Figure 3a
has p,.e Peaks at 0.8 (8,000) and 0.9 (9,000) (Figure 3b). If the threshold for the image
was determined using the thresholding procedure based on the bimodality of the
histogram, as described in this subsection (2.1.2), the algorithm would generate a snow
mask which significantly underestimates the true snow cover. For this image, the
algorithm would choose the first local minimum py;,. > Prie » Which is > 0.86. Hence, for
images which have a high percentage of snow, we use a fixed threshold of 0.70 to
incorporate pixels with greater p,;,. values that are indicative of snow. We include more
examples of threshold selection for snow-covered imagery in the supplementary
materials in Figure S2.

2.1.3 Application to high-resolution satellite imagery

For the analysis in this study, we applied the BST to high spatiotemporal satellite
imagery available from Planet Labs, Inc. (Planet; Planet Labs Inc., 2019). Planet
imagery is acquired from a constellation of CubeSats (PlanetScope), which are small
satellites (10 cm by 10 cm by 30 cm) equipped with optical sensors. The PlanetScope
constellation comprises nearly 130 satellites operating in sun-synchronous orbit and
collecting daily images of the global land surface. We use the cloud-free Level-3B
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multispectral “Analytic Surface Reflectance” (SR) images, which are orthorectified and
available as 16-bit, 3-5 m resolution products with spectral data in the visible and near
infrared wavelengths (Marta, 2018). The reflectance values in the SR images are scaled
by 10,000 to avoid quantization errors (Frazier and Hemingway, 2021; Marta, 2018),
resulting in a final SR product that is not scaled from 0-1, as is typical with other SR
products. Each image was determined cloud-free by Planet algorithms. However, the
cloud mask offered by Planet has been demonstrated to misclassify snow as clouds
(Cannistra et al., 2021); therefore, we manually inspected each image for the presence
of clouds and conservatively excluded portions of the image which appeared to contain
clouds.

PlanetScope images contain several tens of thousands of pixels, which results in
a noisy distribution of py;,.., and calculating the threshold on imagery first requires
smoothing the py;,. distribution, so that the true interpeak minimum can be determined.
We smoothed the arrays using a 1-d gaussian filter implemented in Python
(scipy.ndimage.gaussian_filterld) with a smoothing width of 3, which was iteratively
chosen from a range of 1-50 as the value which minimized noise in the data but
retained the overall peaks and troughs of the distribution. An example of the threshold
selection procedure is demonstrated in Figures 2 and 3.

To estimate SCA in this study, we used the “Surface Reflectance” imagery
product which is recommended by Planet for analysis applications. We also performed
SCA analysis with the atmospherically uncorrected RGB product (called “Visual” by
Planet) to assess the need for atmospheric correction of satellite imagery prior to
applying the BST. We find that when applying the BST procedure to the atmospherically
uncorrected imagery, the algorithm overestimates the snow extent. More details about
this comparison are given in the Supplementary Material.
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Figure 3. Example of the threshold selection for binary classification of pixels using the
Blue Snow Threshold algorithm (BST). The image is a 16-bit surface reflectance
product, which is scaled by a factor of 10,000. a) Example of threshold selection for an
image primarily composed of snow-covered pixels. PlanetScope true-color satellite
image of a location on the Seward Peninsula (see Figure 5a) acquired on March 04,
2020. b) Distribution of py;,,. values from the snow-covered image. In this image pp.e
is 0.86 (8,600), which is > p,;,,. defined by the algorithm for mixed snow non-snow
images (0.70); therefore, t is set to the fixed value of 0.70 (7,000) c) Snow mask
generated from the BST. Blue pixels indicate those classified as snow. d) PlanetScope
true-color satellite image of a location on the Seward Peninsula (see Figure 5a)
acquired on May 05, 2020. e€) Smoothed distribution of p,;,. values from the image with
the threshold shown as the blue dashed line. The threshold (t) in this example is 0.37
(3,700). Values greater than the threshold are considered snow, whereas values less
than the threshold are non-snow pixels. f) Snow mask generated from the BST. Blue
areas indicate pixels classified as snow.

2.2 Comparison of the BST to airborne lidar surveys

We used four watersheds across the western United States to validate the BST-
derived SCA against SCA derived from ALS. These locations in California and Colorado
are within the network of watersheds measured by the Airborne Snow Observatory
(ASO) as sites to generate snow depth measurements derived from a coupled
imagining spectrometer and lidar scanner and repeat scans of a given area (Painter et
al., 2016, https://www.airbornesnowobservatories.com). The ASO generates snow depth
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309
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311
312

rasters at 3 m spatial resolution at repeated intervals from March-June for several
watersheds across the western United States.

For this analysis, we chose ASO sites located within the Yuba River watershed
(ASO_Yuba_ Mosaic_2022Mar25) and the Tuolumne River watershed
(ASO_3M_SD_USCATE_20180528) in California (Figure 4a), and the Conejos River
watershed (ASO_Conejos_Mosaic_2021Apr20-21) and the Blue River watershed
(ASO_BlueRiver_2021Apr18) in Colorado (Figure 4b). The Tuolumne River watershed
ASO site is one of the same study sites used by Cannistra et al. (2021). For each ASO
site, we used the National Land Cover Database (Homer et al., 2007) to assess the
dominant vegetation types (Table 1). Vegetation at the four ASO sites is a mixture of
grassland, shrubs, evergreen and deciduous forests (Table 1). For ASO each site,
except for Tuolumne, for which some data are unavailable, April 1st snow water
equivalent (SWE), annual precipitation, and winter (calculated as December-January-
February, DJF) temperatures were calculated (Table 2).

122.0°W 120j0°w 107.0°W 105.0°W
a) b)
L 40.0°N 40.0°N
F40.0°N Yuba River 40.0°N Blue River
Nevada
Watershe’ Watershed
Colorado
L 38.5°N 38.5°N-
Fag California N

Conejos River

" Watershed
Tuolumne River %N—Fww

L 37.0°N A Watershed 37.0°N

New Mexico
0 1 200 300 km

122.0°W 120.|0°W 107.P°W 105.0°W

Figure 4. Airborne lidar surveys map: (a) the Yuba River and Tuolumne River
watersheds in California, and (b) the Blue River and Conejos River watersheds in
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Colorado where the Airborne Snow Observatory acquired lidar datasets of snow depth
for multiple years.

For each site, we used PlanetScope imagery collected contemporaneously with
the ASO surveys to ensure snow conditions in the image were representative of
conditions during the lidar surveys. We validated BST-derived SCA against snow masks
generated from airborne lidar surveys of snow depth (3 m spatial resolution) collected at
the ASO. To evaluate the accuracy of BST-derived SCA predictions, we consider the
ASO datasets as the “ground truth.” Binary snow cover masks were generated from the
ASO datasets by using a threshold snow depth of 0.1 m, such that only pixels with a
snow depth = 0.1 m were classified as snow. The threshold value is consistent with prior
thresholding used to generate binary snow cover rasters from ASO data products
(Cannistra et al., 2021).

For each ASO site, the BST was applied to PlanetScope imagery acquired within
one day of the ASO retrieval. At the Tuolumne ASO site, we used the 2018 lidar
acquisition and applied the BST to the same PlanetScope images used in Cannistra et
al., (2021) to directly compare the utility of BST to published estimates of SCA derived
from a ML model (Cannistra et al., 2021; Painter et al., 2016).

For the statistical comparison at each site, we computed performance metrics of
the BST-derived SCA estimates with respect to the ASO snow mask. Specifically, we
compute precision, recall, F-score, and balanced accuracy to be consistent with metrics
used for predictions at these sites by Cannistra et al., 2021. Precision is the ability of the
algorithm to identify only the relevant snow pixels. It is defined as the number of true
positives (or pixels identified as snow as identified by the ASO mask) divided by the
total number of pixels predicted to be snow by the BST (true positives and false
positives).

True Positives

Precision = — — (2
True Positives+False Positives

Recall is a measure of the algorithm’s ability to correctly identify all snow pixels. Recall
is defined as the number of pixels identified as snow by the BST divided by the total
number of true snow pixels identified by the ASO mask, which includes pixels indicated
as no snow by the BST (false negatives).

True Positives

Recall = 3)

True Positives+False Negative
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345 F-score is the harmonic mean of precision and recall and is the measure of the
346  accuracy of the binary classification with a range of 0 to 1, where values of 1 indicate a
347  perfect classification.

Precision ‘Recall

348 Fscore = 2———— (4)

Precsion+Recall

349

350 Balanced accuracy is a normalized ratio between the true positive and true negative
351 predictions from the BST and the true positive and true negative ASO classifications.
352 Balanced accuracy is a particularly useful measure of classification performance when
353 the classes are imbalanced, as is the case for the snow, no-snow classes. For a binary
354 classification, balanced accuracy is calculated as:

True Positive Rate+True Negative Rate (5)

355 Balanced Accuracy = >

356
357 2.3 Comparison of the BST to snow telemetry and high-latitude sites

358 Five additional study locations were chosen to span a range of topographic relief
359 and dominant vegetation type (Figure 5). Four of the study locations are co-located with
360 SNOw TELemetry (SNOTEL) stations (Dressler et al., 2006; Serreze et al., 1999):

361 Quemazon (708) near Los Alamos, NM, Truckee (834) near Truckee, CA, Mt. Ryan
362  (948) near Fairbanks, AK; and Bettles Field (1182) in the southern Brooks Range in AK.
363  The fifth site is located on the Seward Peninsula near Dahl, AK.

364 The sites span a range of land cover and climatic types. We also calculated April
365 1st SWE, annual precipitation, and DJF temperatures at each SNOTEL site (Table 2).
366 The average annual precipitation and winter temperatures are notably lower in the sub-
367  Arctic and Arctic sites in Alaska. Truckee has the highest SWE depth and yearly

368 precipitation of any of the SNOTEL study locations.

369 Dominant vegetation was also assessed using the NLCD (Table 1; Homer et al.,
370 2007). At Quemazon, the low elevation areas are dominated by grasslands, and the

371  mid-to-high elevation areas are primarily shrub and evergreen forest. The majority of the
372 forest was burned during the 2011 Las Conchas wildfire, thus grasses are now the

373 dominant land cover. Truckee is located in the Sierra Nevada mountains, with

374  predominantly evergreen forest. High elevation areas at Mt Ryan are primarily

375 vegetated by evergreen forests, whereas the low elevation areas are primarily

376  vegetated by shrubs. Similarly, Bettles is predominantly a mixture of evergreen forest
377 and shrubs. Finally, the site on the Seward Peninsula is located on relatively low-relief
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378 hillslopes dominated by dwarf scrub (< 20 cm tall), tussock tundra, and a minor fraction
379  of shrubs.
380
381 Table 1. The percentage vegetation cover in a 5 km? area surrounding each of the ASO
382 and Landsat fSCA comparison sites according to the National Land Cover Dataset
383 (Homer et al., 2007).
Location Evergreen | Deciduous | Mixed [ Shrub [ Grassland | Dwarf | Tussock
Forest (%) | Forest (%) | Forest | (%) (%) Scrub | Tundra
(%) (%) (%)
Tuolumne 38 n/a n/a 55 7 n/a n/a
Watershed, CA
Yuba River 81 n/a n/a 18 1 n/a n/a
Watershed, CA
Blue River 54 4 n/a 27 15 n/a n/a
Watershed, CO
Conejos River 43 14 n/a 31 12 n/a n/a
Watershed, CO
Bettles Station 56 4 14 26 n/a n/a n/a
SNOTEL
Mt. Ryan 58 2 2 39 n/a n/a n/a
SNOTEL
Quemazon 15 n/a n/a 18 68 n/a n/a
SNOTEL
Seward Site n/a n/a n/a 4 n/a 88 8
Truckee SNOTEL | 95 5 n/a n/a n/a n/a n/a

384

385
386
387
388

14

Table 2. The period of record averages for April 1st snow water equivalent (SWE),
annual precipitation, and winter (DJF) temperatures at each SNOTEL station. The
Seward site does not have an associated period of record at a nearby SNOTEL station,
thus it is not included here.




Location Average Average Average Period of
April 1st Yearly Winter Record
SWE (cm) Precipitation Temperature (C)
(cm)
Blue River watershed, 37 73 -9 1986-
Copper Mtn SNOTEL present
Conejos River watershed, | 33 77 -6 1981-
Lily Pond SNOTEL present
Yuba River watershed, 85 173 -1 1988-
CSS Lab SNOTEL present
Tuolumne River 75 n/a n/a 1927-
watershed, Dana present
Meadows snow course
Bettles Station SNOTEL 17 42 -24 2001-
present
Mt. Ryan SNOTEL 15 49 -15 1989-
present
Quemazon SNOTEL 12 65 -4 1989-
present
Truckee SNOTEL 40 89 0 1980-
present

389

390
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Figure 5. Study Area Map: (a) the Seward Peninsula region near Dahl, Alaska, (b) the
Bettles region and SNOTEL station (Bettles Field #1182), (c) the Mt. Ryan region and
SNOTEL station (Mt. Ryan #948), (d) the Truckee region and SNOTEL station (Truckee
No.2 #834), and (e) the Quemazon region and SNOTEL station (Quemazon, #708).

We further validated BST-derived SCA by comparing end-of-season snow cover
estimates to snow disappearance dates (SDD) from the SNOTEL stations. The SDDs at
the SNOTEL stations were determined by choosing the first day the measured snow
depth at the SNOTEL station record reaches 0 mm at the end of each snow season,
with at least five subsequent days without the presence of snow (Crumley et al., 2020).
The five-day threshold was chosen because there were multiple cases when late-
season snowstorms added snow less than five days after the initial snow disappearance
at the SNOTEL stations.
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We generated a time series of SCA during the snowmelt season using the BST
calculated from PlanetScope imagery for pixels within a 20 m radius of the SNOTEL
station for the years 2017-2021. For each study location, except Mt Ryan, we generated
the time series of SCAs for Spring 2021. At the Mt Ryan site, we generated the time
series for Spring 2020 because the location was cloud-covered during most of the
Spring 2021 snowmelt season. We then compared the BST-derived SCA to the in-situ
snow depth measurements for several days leading up to the SDD determined for each
SNOTEL station.

2.4 Comparison of the BST to Landsat fractional Snow-Covered Area

We compared BST-derived SCA from PlanetScope imagery to Landsat fSCA at
each of the study locations in Figure 5 for paired images from 2017-2021. We use
Landsat fSCA rather than SCA derived from Sentinel-2 NDSI because Landsat fSCA
has been demonstrated to provide a modest accuracy increase compared to Sentinel-2
(Cannistra et al., 2021). The paired images were acquired within three days of each
other, and for each image pair, we selected areas where the Landsat Revised Cloud
Mask indicated the Landsat pixels were cloud-free. For each site, we chose images
acquired during spring or late autumn to capture land areas with a mixture of SCA and
non-SCA pixels.

At each study location, we calculated SCA within a 5 km? land area. We
compared the areal extent of SCA predicted using BST to the total SCA predicted using
Landsat fSCA. The total SCA predicted by BST was calculated by multiplying the
number of pixels predicted to be snow-covered by the area of each pixel (9 m?). To
calculate the area of snow estimated by the Landsat fSCA product, we first used a
threshold fSCA value of 0.15, such that only pixels with an fSCA > 0.15 were included in
the calculation. We chose 0.15 as a threshold fSCA value because values < 0.15 can
erroneously indicate snow, as the spectral signal of snow is dampened when mixed with
non-snow pixels (Rittger et al., 2013). Then, we summed the product of each pixel value
with a value > 0.15 and the area of each pixel (900 m?), as shown by Equation 6,

> fSCA - Parea (6)
where fSCA is the dimensionless pixel value and p,,., IS the pixel area.

The dates of each BST-derived SCA and Landsat fSCA image pair can be found
in Supplementary Material Table S1. At the Seward site, where high-resolution
topographic data are available, we also examined the fine-scale differences in the SCA
predictions within a topographic gully.
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2.5 Comparison of Planet and Landsat temporal availability

To assess the differences in temporal availability of SCA estimates from the
Landsat fSCA catalog and BST-derived SCA from Planet Labs imagery, we counted the
number of cloud-free Landsat and Planet Labs images for each study site during the
snow season of water year 2021. We determined the snow season using the SNOTEL
snow depth record at each individual site. For the sites co-located with SNOTEL
stations, the number of images was divided by the number of days that the station
reported = 254 mm of snow depth to calculate the percentage of snow-covered days
with available imagery. At the Seward site, where there is no SNOTEL station, we
considered the snow season to begin October 15 and end May 31, which is consistent
with the snow season dates at Mt Ryan and Bettles, the two other high-latitude sites in
Alaska. At the Alaska sites, image availability is limited between mid-October and mid-
February, where sunlight is absent during image acquisition times. Therefore, we
excluded these days from the percentage calculations for Mt Ryan, Bettles, and
Seward. The number of snow season days with potential imagery ranges from 81
(Bettles) to 163 days (Truckee).

3. Results
3.1 Validation using airborne lidar surveys

The BST-derived SCA displays high accuracy when compared to the airborne
lidar SCA maps in all four ALS sites (Figure 6). The maps in Figure 6 contain the lidar-
derived SCA maps of snow cover extent at each of the ALS sites in California and
Colorado overlain by the BST-derived SCA maps. Additionally, the scores from the
prediction metrics as well as the true and false classification results are displayed in the
corner of each map to clarify which pixels were classified correctly using the BST. The
F-score for the BST-derived SCA prediction ranges from 0.81 to 0.94, with a mean
value of 0.88 (Figure 6; Table 3). The balanced accuracies at the sites range from 0.79
to 0.86, with a mean of 0.81. There is broad agreement between the lidar-derived SCA
maps and the BST-derived SCA maps across all sites even though they represent a
range of climate regimes and land cover types (Tables 1 and 2).
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470 Figure 6. Snow-covered area (SCA) generated from the Blue Snow Threshold
471  algorithm (BST) compared to lidar-derived SCA from the Airborne Snow Observatory
472  (ASO) for a) Tuolumne River watershed, CA, b) Yuba River watershed, CA, c) Blue
473  River watershed, CO, and d) Conejos River watershed, CO. In each panel the BST-
474  derived SCA (dark blue polygons) is overlaid on the ASO snow mask, where light blue
475 indicates snow and yellow indicates no snow. The map inset is zoomed in to the dark
476  blue area and shows the true (red), or correctly classified pixels, and false (black) or
477 incorrectly classified pixels. The bar chart inset shows the performance metrics,
478  precision, recall, F-score, and balanced accuracy for each ASO site.
479
480 Table 3 Performance metrics of BST-derived SCA prediction compared to ASO-derived
481  SCA “ground truth”.
Location Precision | Recall |F- Balanced | Analysis [ ASO Planet Scene ID
score | Accuracy |area observation
(km?)
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Tuolumne |0.83 0.98 0.91 0.79 540 ASO_3M_S |20180528 181110
River D_USCATE_ | 1025_3B
watershed 20180528 20180528 181111
CA 1025 3B

Yuba 0.86 0.77 0.81 0.79 470 ASO_Yuba_ |20220325 180813
River Mosaic_202 |96 2264 3B
watershed 2Mar25

CA

Blue River | 0.89 0.81 0.85 0.81 205 ASO_BlueRi |20210419 171244
watershed ver_2021Apr | 0eOf_3B

CO 18

Conejos 0.91 0.96 0.94 0.86 363 ASO_Conejo | 20210420_173133 _
River s_Mosaic_20 | Of4e_3B
watershed 21Apr20-21

CO

482

483 3.2 Validation using Landsat fSCA

484

496

497

Overall, the SCA estimated by Landsat fSCA are greater than the area predicted
485 by the BST, with a mean difference over the five years of 18% to 66% at the study area
486  sites (Figures 7,8; Table 4). However, within the topographic gully at the Seward site,
487  the Landsat fSCA estimates a SCA of 0.061 km?, while the BST predicts an area of

488  0.098 km? (Figure 9). Cloudless Planet images were significantly more numerous than
489 Landsat fSCA images at each of the study sites. For example, during the 2021 water
490 year, Planet images suitable for applying BST were available for 56% of the snow days
491  during the snow season, on average (see Table 4 for individual study site calculations).
492 By contrast, Landsat fSCA images were available for an average of 18% of the snow
493 days during the snow season (Table 4). These results demonstrate that BST-derived
494  SCA often calculates a different spatial extent than Landsat, and that BST-derived SCA
495 images are available more frequently than Landsat-derived fSCA images.

Table 4. Comparison of Landsat fSCA and BST-derived SCA from PlanetScope

498 satellite imagery. The percentage of cloud-free days of PlanetScope and Landsat
499 imagery for water year 2021 are given for each site.
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Location SCA Total number of | Percent of Percent of days
difference days with days of with Landsat
between potential for PlanetScope |fSCA
Landsat imagery imagery
fSCA and
BST (%)

Quemazon 33 131 69 12

SNOTEL

Truckee SNOTEL |66 163 51 11

Mt. Ryan SNOTEL | 36 83 35 27

Bettles Station 30 81 60 26

SNOTEL

Seward Site 18 95 67 13
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Figure 7. Example of high-resolution imagery, Landsat fractional snow-covered area
(fSCA) and snow extent derived from the Blue Snow Threshold algorithm (BST) for a 5
km? from each of the five sites. The first column shows true color imagery, with snow
indicated as the white pixels. The second column shows SCAs calculated using the
BST, where blue pixels indicate snow and transparent pixels are areas lacking snow
cover overlaid on the true color imagery. The third column shows the true color Landsat
image. The fourth column shows estimates of snow area from the Landsat fSCA
algorithm overlaid on the true color imagery. Transparent pixels indicate <15%, orange
pixels represent 15-25%, yellow pixels indicate 25-50%, green pixels represent 50-75%,
and blue pixels indicate 75-100% SCA. (a) Quemazon, NM (b) Truckee, CA (c) Mt
Ryan, AK (d) Bettles, AK (e) Seward, AK.

22



514

515
516
517
518
519
520
521
522
523
524
525
526
527

528

529
530
531
532

3.3 Validation using snow telemetry stations

The comparison of BST-derived SDD and SDD at the SNOTEL sites displays
broad agreement across all study sites. The SDD at the SNOTEL stations and BST-
derived SDD from 2017 to 2021 are given in Table 5. For the time series analysis at the
four stations, there is a consistent decrease in the timing of the SCA estimated from the
BST and the measured snow depth at the SNOTEL station (Figure 10). The SNOTEL
stations and the BST-derived SDD are in agreement at the Quemazon and Bettles sites.
At the Truckee site, the BST indicates no SCA four days prior to the Snotel SDD, and
one day prior to disappearance at the Mt Ryan site (Figure 10). The multi-year
comparison of BST-derived SDD and SDD at the SNOTEL stations are consistent with
the single year observations, where Quemazon is in agreement, the SDD is on average
different by one day at Truckee, three days at Mt Ryan, and one day at Bettles. The Mt
Ryan differences are partially due to the lack of cloud-free images available for the SDD
estimated from the SNOTEL station.
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Figure 8. Comparison of snow-covered area predicted by the Blue Snow Threshold
algorithm (BST, cyan bars) and the total snow-covered pixel area predicted by the
Landsat Fractional Snow-Covered Area (fSCA, orange bars) for years 2017-2021. Only
Landsat fSCA pixels with values >0.15 were included in the area calculation. Letters (a-
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e) correspond to the letters in Figure 5. Each SCA extent was extracted from a 5 km?
land area shown in Figure 7. The dates of the images from which SCA were derived are
shown in Supplemental Table 1.
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Figure 9. Example of the spatial resolution difference between snow-covered area
(SCA) derived from the Landsat fractional snow-covered area (fSCA) algorithm and the
Blue Snow Threshold algorithm (BST). (a) True color PlanetScope imagery overlaying
lidar-derived hillshade raster of a topographic gully within the Seward, AK study site. (b)
SCA estimated by the Landsat fSCA algorithm. (c) Snow-covered extent derived using
the Blue Snow Threshold algorithm. (d) SCA predicted by Landsat fSCA (orange) and
the BST (cyan). Landsat fSCA estimates a SCA of 0.061 km?, while the BST predicts an
area of 0.098 km?2.

Table 5. Dates of image acquisition for SNOTEL-derived snow disappearance
date (SDD) the BST-derived SDD from 2017-2021. SNOTEL station numbers 708, 834,
948, 1182 correspond to Quemazon, Truckee, Mt Ryan, and Bettles Field, respectively.
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SNOTEL |BST SNOTEL |BST SNOTEL SNOTEL |BST
SDD SDD SDD SDD SDD BST SDD |(SDD SDD
Year |#708 #708 #834 #834 #948 #948 #1182 #1182
2017 |4/6 4/6 5/22 5/24 5/10 5/10 5/13 5/11
5/28
(Cloudy
2018 |3/5 3/5 4/25 4127 5/23 before) 5/21 5/21
2019 (4/9 4/9 5/13 5/13 5/16 5/16 5/26 5124
2020 (41 4/2 4/30 4/30 5/18 5/17 5/21 5/20
5/24
(cloudy
2021 |3/31 3/31 4/20 4/17 5/16 before) 5/17 5/17
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550 Figure 10. Estimation of snow extent (m?, red points) using the Blue Snow Threshold
551  algorithm (BST) and measured snow depth from the SNOTEL stations (mm, blue

552  points). Purple points indicate measurements of zero for both parameters. (a) The

553 Quemazon, NM Snotel station (708) near Valles Caldera, NM, (b) the Truckee #2

554  Snotel station (834) near Truckee, CA (c) the Mt Ryan Snotel station (948) near

555 Fairbanks, AK, and (d) the Bettles Field Snotel station (1182) in the southern Brooks
556 Range, AK. The areal snow extent estimates were calculated by summing the number
557  of pixels classified as snow within a 20 m radius of the Snotel station.

558
559 4. Discussion
560 4.1 Advantages of the Blue Snow Threshold algorithm

561 The high F-scores for BST-derived SCA from high-resolution satellite imagery
562 (Figure 6, Table 3) when compared to lidar-derived SCA suggests that BST is an

563 effective method of generating SCA estimates solely using reflectance in the blue

564  wavelengths. Further, the comparison of BST-derived SCA to Landsat fSCA and SDD
565 derived from SNOTEL measurements indicates that BST can be used to estimate the
566 precise timing and location of SCA, especially during the melt season when small scale
567 variability of snow extent is high. The primary utility of the BST applied to high-resolution
568 satellite imagery (3-5 m pixel resolution) is that it can effectively map SCA at spatial
569 scales that are one to two orders of magnitude finer than other SCA products (i.e.,

570 MOD10A1=500 m, MODSCAG=500 m, Landsat fSCA=30 m) that require SWIR

571 wavelengths, which are currently not measured by high-resolution sensors like those in
572 the PlanetScope constellation.

573 We stress that BST performs well because it can be calculated from visible
574  wavelengths measured by satellite sensors with very high spatial resolution, while the
575 applicable resolution of NDSI is limited by the current spatial resolution of SWIR

576 measurements. Further, we assert that if sufficient advances are made in the spatial
577  resolution of SWIR measurements to match those in the visible spectrum, then NDSI
578  would likely perform as well as the BST.

579 The advantages of mapping SCA at high-resolution can be demonstrated in
580 locations like the Arctic, where complex topographic-driven patterns of end-of-season
581  SCA are present (Callaghan et al., 2011; Parr et al., 2020; Sturm and Wagner, 2010).
582 The BST method is particularly well-suited to Arctic and sub-Arctic landscapes

583 dominated by relatively short tundra vegetation and in terrain where topographic

584 shadows do not obscure the ground surface. The coarse resolution of SCA estimated
585 by Landsat fSCA when compared to BST-derived SCA is demonstrated by the
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comparison of SCA for the two locations on the Seward Peninsula, which include the
hillslope in Figure 7e and Figure 8e and the topographic gully shown in Figure 9. In the
comparison site shown in Figure 7e, the coarse Landsat resolution results in many
mixed snow and non-snow pixels, which are classified as snow by Landsat fSCA, but
the higher resolution BST-derived SCA captures the subtle variability in snow cover,
which is only clear at higher spatial resolutions. In the gully example (Figure 9), the
Landsat fSCA resolution is too coarse to identify all of the snow-covered areas within
the gully leading to an underprediction of SCA, whereas the BST calculated from the
high-resolution satellite image identifies a greater SCA. The BST predicts a more
nuanced distribution of snow at the hillslope scale when compared to Landsat fSCA,
which indicates the suitability of the BST for assessing SCA at scales relevant to
examining changing snow conditions on the snow-vegetation and snow-permafrost
degradation feedbacks, which occur at the hillslope scale (Gisnas et al., 2014; Niittynen
et al., 2020, 2018; Park et al., 2015).

Because BST-derived SCA can be generated at high resolutions (3m), it is less
likely to contain mixed pixels than Landsat-derived fSCA (30m), particularly at the edge
of forests or along the edges of other tall, dense vegetation or bare rock. Examining the
performance of BST-derived SCA along the edge of forests is an important area of future
research because the length of forest edges is an important control over preferential snow
deposition in some climates (Dickerson-Lange et al., 2017; Dickerson-Lange et al., 2021).
Unlike the Landsat fSCA product, a multiple endmember spectral unmixing algorithm is
not used to produce BST-derived SCA. In locations where small-scale, mixed pixels may
exist at the spatial resolution of BST-derived SCA, the BST is not likely to outperform the
multiple endmember spectral unmixing method used in Landsat fSCA and can
underpredict the SCA when compared to the fSCA algorithm, as demonstrated by the
dramatic difference in SCA at the Truckee site (Figures 7b and 8b).

The BST is effective at the Quemazon site, which burned in 2011, where forest
canopy cover has recently decreased and does not obscure satellite imagery from
capturing the ground surface even though tree snags still exist. At this site, BST
provides reasonable estimates of the SCA, which are comparable to the Landsat fSCA
estimates (Figure 7a). Changes in forest structure in the Western U.S. have been
affected by rapidly changing disturbance regimes, especially fires (McDowell et al.,
2020). Forest cover alters snow accumulation mechanisms, as well as snowpack
ablation rates, and affects the fine-scale variations in the distribution and duration of
seasonal snow (Dickerson-Lange et al., 2017, 2021; Gleason et al., 2017; Lundquist et
al., 2013). While we use imagery from Planet in this study, the BST can be applied to
any true-color imagery like that available from other commercial satellites and aerial
missions because it relies only on the blue wavelengths. A potential application of the
BST is to apply the threshold to imagery captured by unpersonned aerial vehicles to

27


https://www.zotero.org/google-docs/?KyAzpY
https://www.zotero.org/google-docs/?KyAzpY
https://www.zotero.org/google-docs/?fjoEIf
https://www.zotero.org/google-docs/?fjoEIf
https://www.zotero.org/google-docs/?CxoO6A
https://www.zotero.org/google-docs/?CxoO6A
https://www.zotero.org/google-docs/?CxoO6A
https://www.zotero.org/google-docs/?CxoO6A

625 estimate SCA in gaps in post-fire forested environments, locations that would not have
626  been previously possible with low resolution SCA products. While the post-fire forested
627  environment and forest gap analysis for BST-derived SCA was not within the scope of
628 the present study, it is a promising area of future research.

629 Machine learning (ML) models recently developed from PlanetScope imagery
630 have shown considerable promise in detecting and estimating SCA (Cannistra et al.,
631 2021; John et al., 2022). While these recent advances in snow cover classification using
632 ML models are important and useful, ML models perform best in the location where they
633 are trained, and without site-specific training data their transferability may be limited.
634  Generally, ML techniques work best when there is abundant data to train and validate
635 the models, but snow science suffers from a general scarcity of high quality data related
636 to snowpack in remote, expansive, and often inaccessible regions of the globe (Sturm,
637 2015). Because the BST is a simple, easy-to-apply algorithm that does not require a
638 training dataset, it can be used in locations where training datasets are unavailable.

639 However, an interesting avenue for future research is augmenting current ML models
640 that use vegetation indices and elevation data with the BST to assess any potential

641 accuracy improvement in the models.

642 Indexing based on spectral reflectance from optical remote sensing platforms
643 (e.g., NDSI and fSCA from multiple endmember spectral unmixing) has, for decades,
644  proven to be a simple and reliable tool for mapping SCA at coarse resolutions, in part
645 because indexing does not require additional in-situ validation data (Dietz et al., 2012;
646  Nolin, 2010; Sturm, 2015). Notably, at the Tuolumne ASO site, the prediction of SCA
647 derived from the BST outperformed the ML method developed by Cannistra et al.

648 (2021). The F-score of the BST prediction is 0.91, whereas the F-score of the ML

649 prediction is 0.73. We note that we did not use the full set of Planet images in our

650 analysis that were used to train and test the ML model by Cannistra et al. (2021);

651 however, we still consider this comparison to be significant. Using BST to derive SCA
652 adds another high-resolution effective method from optical remote sensing platforms
653 that can be employed for expanding our understanding of the location, duration, and
654 extent of SCA.

655 4.2 Limitations of the Blue Snow Threshold algorithm

656 The use of BST-derived SCA is limited by the same factors that limit other optical
657 remote sensing techniques for snow cover classification. First, tall and dense

658 vegetation, such as dense forest canopies, block optical remote sensing platforms from
659  obtaining spectral reflectance information from below the forest canopy (Dietz et al.,
660 2012; Nolin, 2010). For example, at the Truckee, Mt Ryan, and Bettles sites where

661 vegetation is primarily tall coniferous tree species, the vegetation cover likely limits the
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visibility of the ground surface. In these areas, the BST likely underestimates the actual
SCA, whereas fSCA algorithms can generate a canopy-adjustment by incorporating
land use information (Figures 7 and 8). Hence fSCA algorithms may be better suited for
SCA mapping in forested landscapes when using satellite-derived imagery (Barton et
al., 2000; Raleigh et al., 2013), while the BST is well-suited for ecosystems like tundra,
where vegetation height does not obscure the ground surface (Figure 9). Secondly,
snowpacks are often located within high-relief, mountainous terrain where rugged
topography can create shadowing effects due to slope, aspect, and winter sun angles,
creating challenges for optical remote sensing platforms (Dozier, 1989, 1984). These
shadows generated by the topography (e.g. Mt Ryan: Figure 7c) can cause the
reflectance of snow in the blue wavelengths to be too low for BST to properly classify
snow-covered pixels. Although there is potential to incorporate topographic data into the
algorithm’s workflow to improve SCA estimation in mountainous areas (e.g., John et al.,
2022), we have not explored augmentation of the BST predictions using topographic
data. Lastly, the optical remote sensing of snow, and therefore the BST, is hindered by
the difficulty of discriminating between snow and clouds (Crane and Anderson, 1984.;
Dietz et al., 2012; Dozier, 1989; Hall et al., 2002). In this work, we chose to only use
cloud-free images in our analysis to avoid the complications of cloud and snow
misclassification.

5. Conclusions

We generated estimates of snow-covered area (SCA) by calculating an existing
binary index from cloud-free, high-resolution optical satellite imagery. While the most
commonly used index for mapping snow cover, the normalized difference snow index
(NDSI), relies on measurements in the short-wave infrared (SWIR) wavelengths, we
present a binary SCA method, which we call the Blue Snow Threshold algorithm (BST),
that relies only on spectral measurements in the blue wavelengths. SWIR wavelengths
are typically only measured at coarse spatial resolution, so NDSI cannot be used to
assess hillslope- or finer-scale distributions of snow, which are the scales relevant to
examining important feedback processes, such as the snow-permafrost and snow-
vegetation feedbacks. However, the BST-derived SCA from cloud-free, high-resolution
satellite imagery, can be used to estimate snow extent at the hillslope scale or finer.
When compared to airborne lidar surveys of SCA, the BST-derived SCA estimates had
a range of F-scores between 0.81 and 0.94 in four study areas in California and
Colorado. Furthermore, because of the temporal frequency of high-resolution image
acquisition by commercial satellites, such as the Planet Labs constellation, the BST can
be used to assess temporal trends in snow cover duration. The algorithm has the
potential to be used to develop high spatiotemporal resolution maps of SCA which can
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700 be used to examine fine-scale changes in snow extent and duration related to changing
701 climatic conditions.
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List of Figure Captions

Figure 1. Examples of spectral curves for common natural materials. The blue, green,
and gray shaded area indicate the blue, green, and shortwave infrared wavelengths,
respectively. Within the blue wavelengths, coarse granular snow has a nearly 80%
greater reflectance than the other natural objects. Spectral data are from the Ecostress
Spectral Library (Meerdink et al., 2019).

Figure 2. Flow chart demonstrating the automated threshold (t) calculation procedure of
the Blue Snow Threshold algorithm. Images with a high percentage of snow cover
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follow the left side of the chart, and images with mixed snow and non-snow pixels follow
the right side of the chart.

Figure 3. Example of the threshold selection for binary classification of pixels using the
Blue Snow Threshold algorithm (BST). The image is a 16-bit surface reflectance
product, which is scaled by a factor of 10,000. a) Example of threshold selection for an
image primarily composed of snow-covered pixels. PlanetScope true-color satellite
image of a location on the Seward Peninsula (see Figure 5a) acquired on March 04,
2020. b) Distribution of py;,. values from the snow-covered image. In this image ppue
is 0.86 (8,600), which is > p,,,. defined by the algorithm for mixed snow non-snow
images (0.70); therefore, t is set to the fixed value of 0.70 (7,000) c) Snow mask
generated from the BST. Blue pixels indicate those classified as snow. d) PlanetScope
true-color satellite image of a location on the Seward Peninsula (see Figure 5a)
acquired on May 05, 2020. ) Smoothed distribution of p,;,. values from the image with
the threshold shown as the blue dashed line. The threshold (t) in this example is 0.37
(3,700). Values greater than the threshold are considered snow, whereas values less
than the threshold are non-snow pixels. f) Snow mask generated from the BST. Blue
areas indicate pixels classified as snow.

Figure 4. Airborne lidar surveys map: (a) the Yuba River and Tuolumne River
watersheds in California, and (b) the Blue River and Conejos River watersheds in
Colorado where the Airborne Snow Observatory acquired lidar datasets of snow depth
for multiple years.

Figure 5. Study Area Map: (a) the Seward Peninsula region near Dahl, Alaska, (b) the
Bettles region and SNOTEL station (Bettles Field #1182), (c) the Mt. Ryan region and
SNOTEL station (Mt. Ryan #948), (d) the Truckee region and SNOTEL station (Truckee
No.2 #834), and (e) the Quemazon region and SNOTEL station (Quemazon, #708).

Figure 6. Snow-covered area (SCA) generated from the Blue Snow Threshold
algorithm (BST) compared to lidar-derived SCA from the Airborne Snow Observatory
(ASO) for a) Tuolumne River watershed, CA, b) Yuba River watershed, CA, c) Blue
River watershed, CO, and d) Conejos River watershed, CO. In each panel the BST-
derived SCA (dark blue polygons) is overlaid on the ASO snow mask, where light blue
indicates snow and yellow indicates no snow. The map inset is zoomed in to the dark
blue area and shows the true (red), or correctly classified pixels, and false (black) or
incorrectly classified pixels. The bar chart inset shows the performance metrics,
precision, recall, F-score, and balanced accuracy for each ASO site.
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Figure 7. Example of high-resolution imagery, Landsat fractional snow-covered area
(fSCA) and snow extent derived from the Blue Snow Threshold algorithm (BST) for a 5
km? from each of the five sites. The first column shows true color imagery, with snow
indicated as the white pixels. The second column shows SCAs calculated using the
BST, where blue pixels indicate snow and transparent pixels are areas lacking snow
cover overlaid on the true color imagery. The third column shows the true color Landsat
image. The fourth column shows estimates of snow area from the Landsat fSCA
algorithm overlaid on the true color imagery. Transparent pixels indicate <15%, orange
pixels represent 15-25%, yellow pixels indicate 25-50%, green pixels represent 50-75%,
and blue pixels indicate 75-100% SCA. (a) Quemazon, NM (b) Truckee, CA (c) Mt
Ryan, AK (d) Bettles, AK (e) Seward, AK.

Figure 8. Comparison of snow-covered area predicted by the Blue Snow Threshold
algorithm (BST, cyan bars) and the total snow-covered pixel area predicted by the
Landsat Fractional Snow-Covered Area (fSCA, orange bars) for years 2017-2021. Only
Landsat fSCA pixels with values >0.15 were included in the area calculation. Letters (a-
e) correspond to the letters in Figure 5. Each SCA extent was extracted from a 5 km?
land area shown in Figure 7. The dates of the images from which SCA were derived are
shown in Supplemental Table 1.

Figure 9. Example of the spatial resolution difference between snow-covered area
(SCA) derived from the Landsat fractional snow-covered area (fSCA) algorithm and the
Blue Snow Threshold algorithm (BST). (a) True color PlanetScope imagery overlaying
lidar-derived hillshade raster of a topographic gully within the Seward, AK study site. (b)
SCA estimated by the Landsat fSCA algorithm. (c) Snow-covered extent derived using
the Blue Snow Threshold algorithm. (d) SCA predicted by Landsat fSCA (orange) and
the BST (cyan). Landsat fSCA estimates a SCA of 0.061 km?, while the BST predicts an
area of 0.098 km?.

Figure 10. Estimation of snow extent (m?, red points) using the Blue Snow Threshold
algorithm (BST) and measured snow depth from the SNOTEL stations (mm, blue
points). Purple points indicate measurements of zero for both parameters. (a) The
Quemazon, NM Snotel station (708) near Valles Caldera, NM, (b) the Truckee #2
Snotel station (834) near Truckee, CA (c) the Mt Ryan Snotel station (948) near
Fairbanks, AK, and (d) the Bettles Field Snotel station (1182) in the southern Brooks
Range, AK. The areal snow extent estimates were calculated by summing the number
of pixels classified as snow within a 20 m radius of the Snotel station.
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