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Abstract

Obtaining timely basin-scale winter and early spring characteristics of snowpack in the Western
United States are important for modeling water availability during the melt season, especially with
increased warming due to anthropogenic climate change. Using an ultra-wideband (UWB) fre-
quency modulated continuous wavelength (FM-CW) airborne radar sensor (2-18 GHz), we are
able to map snow depth to an accuracy of 3 cm or less on a basin scale. The assessment of snow
depth from processed radar data requires careful quality control, with precision of the assessment
directly related to the time committed to the quality control effort. Given the inherent snow depth
variability within a radar footprint (approximately 7m by 70m), a level of precision exceeding the
inherent snow depth variability would needlessly delay the preparation of our snow depth data
product. To quantify what level of precision is needed, we aggregated in situ snow depth measure-
ments into clusters of similar dimensions to a radar footprint. We also examined how forest canopy
and topology changes snow depth variability within a radar footprint, which parameters such as
elevation, canopy heights or tree canopy cover drive snow depth variability, and whether these
parameters are apparent in radar-derived measurements. We used in situ and radar measurements
from Grand Mesa, Colorado, an extensively studied site for snowpack monitoring. We measure
that snow depths in a 7 m by 70 m area can vary anywhere between 5% to 30% of the average
snow depth of the footprint. Radar-derived snow depths were measured to be within these levels
on variability ( 17% to 20%). Elevation is noted to be the primary driver of snow depth variability
in Grand Mesa, followed by canopy heights and tree canopy cover from a randomforest regres-
sion. Despite limited availability of flight paths to analyze, this study showed good agreements of

radar-derived snow depths to aggregated in situ snow depth variability.
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Chapter 1

Introduction

Seasonal snowpacks are an important resource of water and control the hydrologic cycle of the
western United States and other regions around the world. Over 1.2 billion - approximately one
sixth of the world's population - including at least 60 million people in the western United States
rely on snowpack and glaciers as their main water supply for drinking and agriculture (Bales et al.,
2006; Barnett et al., 2005; Sturm et al., 2017). Alpine snowpack acts as a natural reservoir of
water during winter and early-spring that often exceeds man-made storage where it becomes the
dominant source of water for the arid summer months (Mote et al., 2005; Serreze et al., 1999).
Hydrological modeling has shown 53% of the total runoff in the western United States originates
from snow, and accounts for over 70% of the runoff in the three major mountain ranges of the
region (74% in the Rockies, 73% in the Sierra Nevadas, and 78% in the Cascades) (Li et al., 2017).
Forecasting the subsequent snowmelt and runoff is now a crucial task that has been limited by
available accurate spatial and temporal snowpack measurements (Jonas et al., 2009).

Snow is one the main sources of water in the western United States that plays a vital role
ecologically and for human needs. Snow plays a role in land-atmosphere interactions and heat/en-
ergy redistribution by increasing the Earth's albedo and insulating soil from the atmosphere (Zeng
et al., 2018). Snow's high albedo re ects some of the incoming short-wave radiation and provides
enhanced cooling critical to the Earth's heat budget. Global snow covered area is approximately
1:9 10’ km? and re ects at least 2 10 GJ of energy (Sturm et al., 2017). The water produced
from snowmelt controls the magnitude and timing of river discharge where it replenishes ground-
water and reservoirs which is used for human consumption, agricultural use, hydroelectric power,

and controls soil moisture and vegetation (Li et al., 2017; Sturm et al., 2017; Barnett et al., 2005;
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Zeng et al., 2018). Accurate snow forecasting/monitoring is also needed for the role snow plays in
our economy through jobs, winter tourism, and ood control (Carroll et al., 2006). As a result, the
need for accurate information on snowpack conditions in real-time is crucial in making optimized
decisions to meet and balance all of the demands.

Anthropogenic climate change has placed a historically strained water source under greater
stress. Current Intergovernmental Panel on Climate Change (IPCC) projections of global mean
surface air temperatures show an increase between 1 t&Clirtthe near term (2031-2050) and
between 1 to 3.7C at the end of the century (2081-2100) depending if global greenhouse gas
emissions are curbed (IPCC, 2019). These trends were also reported in the Fourth National Cli-
mate Assessment (NCA4) where much of the United States will observe warmer temperatures
(Reidmiller et al., 2018). Precipitation redistribution will also occur where much of the US South-
west can potentially face less rain and snow and increased evaporation (Reidmiller et al., 2018;
Seager et al., 2007). Water availability is projected to be increasingly important as demand for
water is slated to increase and a diminishing water resource with decreasing snow and increased
evaporation compound this problem. Research and development has been undertaken to create
models like the operational National Water Model (NWM) to create forecasts for oods and water
measurements. For many of the snowmelt fed river basins, accurate snow measurements helped to
improve model predictions in the NWM forecasts.

The increased warming has had a negative impact on snow resources both globally and in the
western United States. Zeng et al. (2018) found the snow season de ned from the day of rst snow
water equivalent (SWE) measurement and day of last SWE measurements, has shortened from
1982 to 2016 at a rate of -1.22 days/year in the Colorado River Basin and -0.97 days/year over the
western conterminous United States, totalling an average decrease in the snow season of 34 days
mainly due to an increase in temperature. Zeng et al. (2018) also found a negative trend in snow
mass with annual maximum SWE decreased by 41%. Peak snowmelt runoff has been observed
and modeled to occur about 4 weeks earlier (Mote et al., 2005; Stewart et al., 2005). Combined

with an aging infrastructure and not enough reservoir storage capacity, most of the early snowmelt



is lost to the ocean (Sturm et al., 2017). Warming temperatures have also corresponded to less
snowfall during winter with the number and intensity of winter snowfall events decreasing, and a
notable redistribution in precipitation patterns (Knowles et al., 2006; Dettinger et al., 2015; Sturm
et al., 2017). Snow-covered area over land has also been steadily decreasing which is consistent
with a warming climate (Sturm et al., 2017). A decrease in snow-covered areas has shown to
increase average annual and spring temperatures by at least 2ide to less cooling from the
snow-albedo feedback (Diro & Sushama, 2020). All of these trends work to change snowmelt
timing which creates a mismatch between water availability and water need where some early melt
water is lost to oceans due to insuf cient storage, reduced stream runoff from increased winter
rain, and decreased cooling from reductions in snow-covered areas (Sturm et al., 2017).

The loss of snow resources also has societal impacts. Areas that depend on winter sports
and tourism are starting to face losses with a loss of at least $1 billion and 17,400 jobs per year
between 2001 and 2016 (IPCC, 2019) in the United States. Projected revenue losses near the
end of the century (2090) could top $2 billion in ticket sales and day fees alone (not including
lodging, transport, etc.) using the worse case scenario of the current IPCC projections of warming
(IPCC, 2019). Agriculture would also be heavily affected by the lack of water in spring/summer
where current annual losses range between $1 billion to$ 1 trillion, with the lower end of the range
increasing to over $0.5 trillion in losses over the next few decades (Sturm et al., 2017). All of these
negative impacts have increased the demand for accurate monitoring of snow pack and runoff.

Effective water resource management is also dependent on the skill and precision of hydro-
logical models. Results of both short term forecasts (2 day) and long term forecasts (2 years)
are needed to ful Il all needs (Blum & Miller, 2019). Good forecasting of snow water content is
important for both of these times scales. Flooding damages from rain-on-snow effects (McCabe
et al., 2007) have been well documented and long term forecasting of water has been discussed
above. Understanding critical trends in snow water availability is reliant on good information of
the SWE of the snowpack, followed by snow depth/thickness. Remote sensing techniques have

been developed to help improve monitoring of snowpack over broad areas. However, as Sturm



et al. (2010) pointed out, most passive microwave satellite platforms have had success in reporting
snow cover area, but has had dif culty in reporting both snow depths and SWE in a variety of
conditions (i.e., wet snow). Airborne lidar or gamma ray surveys have had some success in report-
ing snow depths and/or SWE, but are limited in spatial extent. Research has been conducted on
an airborne platform for an ultra-wideband (UWB) frequency-modulated-continuous-wavelength
(FM-CW) radar known as the Snow Radar. The Snow Radar has been shown to be more robust
than satellite platforms using passive microwave sensors and differential methods using altimeters,
and shows good agreement with in situ measurements (Yan et al., 2017b). This study will focus on
the current version of the Snow Radar operating over a frequency range of 2-18 GHz.

This work analyzes and veri es snow measurements obtained using a Snow Radars in an alpine
environment. A footprint analysis is used to verify the snow depths measurements from the Snow
Radar against ground-based measurements. These footprints will also be used to look at how the
forest canopy affects snow depths. Finally, this study will take these results and create a regression
model to validate these results. Chapter 2 provides a review of the factors that affect snow depths
and a review of the methods of obtaining snow depths. Chapter 3 describes the observations and
methods used. Chapter 4 presents the results of the study, and Chapter 5 concludes the study and

presents possible future work.



Chapter 2

Background

2.1 Factors of Snow Depths

Characteristics of snow and seasonal snowpack depend on the environment that it exists in. Re-
mote sensing of seasonal snow has remained a constant challenge in accurately and consistently
measuring snowpack characteristics over a diverse range of conditions and landscapes (McGrath
et al., 2019). The dif culty of measuring snowpack properties is compounded by its high natu-

ral spatial and temporal variability. These spatial and temporal variabilities can occur at a wide
variety of scales. For example, snow depths can be dependent on small-scale vegetation and sur-
face roughness to large-scale terrain features or meteorological precipitation patterns (Elder et al.,
1989, 1991). Snowpack formation is largely controlled and explained by two processes: accumu-
lation and ablation. Typically, accumulation processes are dominate between October to March
and ablation processes are dominate between April to June but, combinations of these processes
can complicate alpine snowpack monitoring.

The important variables for snow depths in an alpine watershed identi ed by Elder et al. (1989)
and Elder et al. (1991) were radiation, slope, and elevation. Across multiple studies, elevation has
been discussed as one of the most important variables for snow depths. Since temperature largely
decreases with height and precipitation increases with height, snow depth generally increases as
elevation increases (Dingman, 1981). The relationship between snow depth and elevation was also
found by Griinewald et al. (2014) in the Swiss Alps, where snow depths typically increased with
elevation, but reach a peak value. Changes in elevations are also related to changes in topography

which modi es the interactions between the snowpack and topography leading to the peak snow



depth values such as the preferential deposition of precipitation, redistribution of snow by wind,
sloughing and avalanching (Griinewald et al., 2014). Wind redistribution in alpine environments is
another known variable of snow depth variability, where accelerating (decelerating) or convergent
(divergent) ows lead to accumulation (erosion) (Elder et al., 1991). Another study by Currier &
Lundquist (2018) also noted that snow depth variability in Boulder Creek, Colorado was domi-
nated by wind, where snowdrifts, areas of preferential deposition of physically blown snow, was
found. Slope can control changes of signi cant volumes of snow. Steep slope angles cause snow
to repeatedly slough, as avalanches can move large volumes of snow (Elder et al., 1991).

Along with physical variables, energy balance is also a factor in snow depth variability. Energy
inputs and outputs at the air/snow and snow/ground interfaces can be affected by incoming/out-
going radiation, sensible and latent heat exchange, heat ux from the ground, and advective heat
transfer, but is dominated by solar and longwave radiation (Elder et al., 1991). Melting from ra-
diation typically reduces snow depths and increases density but not SWE, if the melt percolates
through the snowpack and refreezes (Elder et al., 1991). The amount of melting is also depen-
dent on physical characteristics of the environment such as slope, aspect, and latitude which will
modify radiation inputs, and parts of an alpine basin may experience a period of up to two months
without receiving direct insolation while adjacent areas my receive direct radiation (Elder et al.,
1991). Snow sublimation has also been found to be important in explaining alpine snowpacks.
Snow sublimation comes in three main forms: surface sublimation between the air/snow interface,
canopy sublimation from intercepted snow held in the forest canopy, and blowing snow sublima-
tion (Sexstone et al., 2018). Ignoring sublimation in snow models can overpredict snow depths,
where sublimation losses were quanti ed to between 10-20% in large valley areas and mountain
slopes, 50% in dense canopy stands, and up to 90% at peak mountain crests of the total seasonal
snowfall (Strasser et al., 2008). When accounting for the scale of these processes in a basin, mod-
eled losses relative to the the total snowfall from surface sublimation, canopy sublimation, and
blowing snow sublimation were found to be -6.9%, -13.0%, and -4.1% respectively (Strasser et al.,

2008). Another important factor in sublimation which is often neglected in the water budget is



ground resublimation into a hoar frost (freezing dew) layer has been modeled to 2.4% of the total
snowfall (Strasser et al., 2008).

Vegetation also plays a signi cant role in modifying snow accumulation and ablation. It is ap-
proximated that 20% of the Northern Hemisphere seasonal snowpack exist under forested environ-
ment that creates microclimates affecting snow depth variability (Malle et al., 2019). Forest canopy
will modify both physical and energy balance processes where shortwave radiation, precipitation
and wind speeds are reduced while longwave radiation and humidity are enhanced which are af-
fected by differences in surface albedo and latent heat uxes between open and covered snowpack
(Strasser et al., 2008; Malle et al., 2019). As mentioned previously, forest canopy also increases
the sublimation of snow in two main ways: through latent uxes at the surface and from physi-
cally intercepted snow in the forest canopy which sublimates back into the atmosphere (Strasser
et al., 2008). These modi cations to snow accumulation and ablation by the forest canopy leaves
a distinct spatial signal identi ed by Musselman et al. (2008) called tree wells with reductions up
to 47% of the snow depths just due to canopy interception. In addition to variability under the for-
est canopy, signi cant changes to the snowpack also exist around forest edges. Musselman et al.
(2008) also noted there was a 25% increase in snow depths on the north side of trees as a result of
shading. Along with interactions from the canopy, snow depth variability was found along forest
edges as a result of vegetation distribution. Currier & Lundquist (2018) compared snow depths
differences on forest edges across the western United States. Speci cally for sites in Colorado, a
statistically signi cant difference in the windward vs leeward forest edge snow depths of 38% of
the median was found. A similar north/south difference in snow depths as described in Musselman
et al. (2008) was found for Boulder Creek at the forest edges but was not statistically signi cant.
This deposition was found to be wind-related where colder temperatures, strong westerlies, and
the presence of ribbon forests acting like wind breaks led to higher snowdrifts on the leeward side
of forests (Currier & Lundquist, 2018).

Snow density is another important metric to consider for snowpack monitoring especially for

calculation of SWE. Typically, in most alpine environments, snow depths has more variability



compared to snow density, and is the major source of variability of SWE (Elder et al., 1989, 1991).
Snow density variability is also subject to change throughout the year, and also highly variable
between water seasons as well. As noted by Elder et al. (1991), during the 1987 water year at
the Emerald Lake watershed in northern California, snow densities were low at the beginning
of February and early March due to colder conditions but rose as temperatures warmed through
March and April. The standard deviations of snow density during February and early March of
1987 was also low since the snowpack was cold and homogeneous, but rose in March due to
heterogeneous zones of cooling and warming, before dropping abruptly in late March and April
before the onset of melting (Elder et al., 1991). This was contrasted to the 1986 water year, where
snow density was highly uniform (Elder et al., 1991). Snow density can change due wind erosion,
melting and refreezing events, compaction, and snow metamorphosis typically changing grain
sizes (Bormann et al., 2013). Higher snow densities are typically a factor of high precipitation,
warmer temperatures, stronger winds, and long season duration (Bormann et al., 2013). Another
important factor to consider about snow density is also the variability vertically throughout the
pro le of the snowpack. Vertical changes in snow density are the result of compaction from the
weight of new snow, internal gradients of moisture and temperature, as well as formations of ice
and hoar frost layers (Bormann et al., 2013). Obtaining snow density measurements is a labor-
intensive and time consuming process where a snowpit has to be excavated and samples are taken
from the pit wall at regular intervals to create a density pro le (Elder et al., 1991), or else a mean
snow density measurement can be taken from instruments like a federal snow sampler as discussed
in the next section. While snow density is an important factor to consider, this study will focus on

snow depths due to the lack of snow density measurements at high resolutions from in situ sources.



2.2 Snow Measurements

2.2.1 Field Surveys and Remote Sensing

Seasonal snowpack has remained a constant challenge to accurately and consistently measure.
Observations of snowpack properties like snow depths and SWE rely on in situ eld surveys (Fig-
ure 2.1). In a eld survey, snow depths can be robustly probed while density measurements in-
volve labor-intensive and time-consuming excavations of snowpits (Elder et al., 1991). With depth
gauges, ground-based surveys can cover 10's 8famd collect hundreds of measurements. These
seasonal surveys can use rudimentary instruments like the avalanche poles (Figure 2.1). Federal
snow tubes (Doesken & Judson, 1997, pg 51) shown on Figure 2.3b are hollow tubes that can
inserted into the snowpack to extract a core samples that can be weighed, so SWE and snow depths
can be recorded simultaneously (Sturm et al., 2010; Dressler et al., 2006). Marshall et al. (2006)
and Sturm & Holmgren (2018) also described newer instruments like the MagnaProbe (Figure 2.2),
an automatic snow depth probe with an integrated GPS, that can obtain 10x more depth measure-
ments than an avalanche pole. The United States has historically conducted monthly snow course
surveys since the 1930s. A snow course is a permanent site approximately 300 m long (1000 ft)
where measurements of snow depths and SWE using federal snow tubes are made for a snowpack
at a known elevation. Typically, one snow depth and SWE measurement is reported at the begin-
ning of each month from January to June to represent the average of 10 measurements made on the
course (Dressler et al., 2006). In very remote areas or during dangerous conditions, snow course
measurements can be made on an airborne platform through aerial markers (Figure 2.3a), which
are giant "rulers” where snow depths can be visually read from a distance.

The gaps in snow data occur because manual sampling can be expensive, dangerous, and time-
consuming (Deems et al., 2013). Avalanche hazards must be considered in areas with steep slopes.
Further gaps in ground stations especially at high elevations compound the problem (Behrangi
et al., 2018). Despite these downsides and dangers, eld surveys are still an essential method to

compare against remotely sensed or modeled snow depths and have been used continually in the



Figure 2.1: Image of depth measurement from Jan 2020 eld survey of snowpack in Grand Mesa,
Colorado using a 3 m avalanche pole.

literature. Clow et al. (2012) used snow surveys to compare with the National Weather Service's
Snow Data Assimilation (SNODAS) estimates. Lopez-Moreno et al. (2013) used snow surveys to
use regression models to estimate the spatial variation in SWE and snow density in the Spanish
Pyrenes mountains. Guyennon et al. (2019) also used a similar method for snowpack in the Italian
Alps.

In order to increase the number of snow measurements, automated snow stations were placed
across the Western United States through United States Department of Agriculture (USDA) Na-
tional Resources Conservation Services (NCRS) SNOw TELemetry (SNOTEL) network. Over

800 stations were placed in remote areas often replacing snow courses that were dangerous or ex-
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Figure 2.2: Magnaprobe in use in the eld. Snow depths are measured from the oating basket
to the tip of the probe where it can be logged by the data logger found in the backpack along with
batteries and a GPS. Image taken from Sturm & Holmgren (2018).

pensive, and were designed to be fully automated outside of a basic service to reset the instruments
(Serreze et al., 1999; Dressler et al., 2006). An example advanced SNOTEL station is shown on
Figure 2.4a with the instruments labelled. The basic measurements made on SNOTEL stations are
air temperature, precipitation, snow depths, and SWE measurements at hourly, daily, and monthly
time scales, but more advanced stations also measure soil moisture, wind, and radiation. Currently
the NCRS still operates and collects data from both snow course sites and SNOTEL stations. Snow
depths were measured in multiple ways on SNOTEL stations, but automated snow depths are made
using an ultrasonic snow depth sensor (from https://www.nrcs.usda.gov). Precipitation accumula-
tion is collected with gauges designed to maximize catch ef ciency which are charged with an

anti-freeze solution to mitigate freezing and evaporation and stored for the entire year where the
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