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ABSTRACT

The cryosphere is responding to climate change in ways that have negatively impacted
socio-environmental systems. Accurate and timely observations of the cryosphere are critical
to adapting our infrastructure to these rapid changes. This dissertation contributes novel
approaches to validating synthetic aperture radar (SAR) measurements over river ice and
seasonal prairie snow.

Previous C-band SAR-based river ice studies typically validate regional ice cover maps
using aerial photos of frozen rivers. This qualitative approach relies on the principle
that visually rougher ice should result in stronger SAR backscatter. In Chapter 2 of
this dissertation | present the rst systematic, quantitative investigation of the e ect of
river ice surface roughness on C-band Sentinel-1 backscatter. | employ Random Forest
algorithms rst to replicate qualitative classi cation results from previous studies, and then
as regression models to explore relationships between Sentinel-1 backscatter and novel,
guantitative surface roughness metrics derived from drone-based Structure-from-Motion
datasets. Classi cation accuracies are similar to those reported in previous studies, but
poor regression performance indicates a weak relationship between river ice roughness and
Sentinel-1 backscatter. In Chapter 3, | extend these drone-based surface measurements
of river ice with GPR-based subsurface measurements. Results from this smaller, richer
dataset demonstrate that Sentinel-1 VV backscatter is correlated with ice thickness and
VH backscatter with structural properties, but results are site-speci c and more work is
necessary to create generalized river ice models from Sentinel-1 measurements.

Interferometric SAR techniques have been used to estimate snow water equivalent
(SWE) using L-band measurements from the UAVSAR platform. These methods have been
developed in mountainous areas and have not been investigated over prairie snowpacks,
which typically feature exposed agricultural vegetation and greater spatial variability than
found in mountain snowpacks. In Chapter 4 | develop a rigorous statistical framework
to demonstrate that UAVSAR measurements over prairie snowpacks are sensitive to small
changes in SWE, and are relatively una ected by exposed agricultural vegetation. However,
sub-pixel snow depth variability decreases the accuracy of SWE estimates derived from
UAVSAR measurements. The upcoming NISAR satellite mission provides an opportunity
to extend this work with repeated L-band measurements over a wider range of prairie snow
conditions.
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INTRODUCTION

Motivation

The cryosphere is the term for all frozen water on our planet, including sea ice,
freshwater (lake and river) ice, glaciers, ice caps and sheets, permafrost, snow, and solid
precipitation. These various components are intricately coupled with other elements of
the Earth system. For example, the presence of snow or ice on the land or ocean surface
greatly increases the surface albedo, which causes a greater percentage of incoming solar
radiation to be re ected back into space. As warming temperatures decrease the spatial and
temporal coverage of snow and ice globally, more solar radiation is absorbed by the less-
re ective surfaces, which results in a positive feedback mechanism leading to more warming
and further shrinking of the cryosphere (Curry et al., 1995). The cryospheric response
to climate change has negatively impacted socio-environmental systems in the context of
water resources, species diversity, and societal health and wellbeing; accurate and timely
observations of the cryosphere are critical to adapting our infrastructure to these rapid
changes (IPCC, 2019).

Satellite remote sensing is a key tool used to measure snow and ice at global scales, with
repeat measurements typically on the order of days to weeks. Algorithms to measure virtually
all components of the cryosphere have been developed for a wide array of satellite remote
sensors that use di erent portions of the electromagnetic spectrum (Tedesco, 2015). Active
microwave remote sensing platforms, speci cally synthetic aperture radar (SAR) sensors,
are particularly well-suited for cryospheric monitoring: measurements are not interrupted
by nighttime, polar darkness, or clouds, and are typically at spatial resolutions on the

order of tens of meters. Current SAR satellites used to measure the cryosphere include
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the RADARSAT-2 and Sentinel-1 missions, and NISAR (NASA/Indian Space Research
Organization) and ROSE-L (European Space Agency) are two additional platforms with
planned launch dates before 2030. These future SAR missions will complement existing
satellite technologies and broaden our capability to observe snow and ice at global scales.
The primary goal of this dissertation is to advance SAR measurements of the cryosphere
in the Northern Great Plains, using existing technologies to develop future capabilities.
Speci cally, | focus on river ice and seasonal prairie snow, and employ novel approaches to
validate airborne and spaceborne SAR measurements over the ice and snow. Although SAR
remote sensing is a common thread between the three chapters of my dissertation, river ice
and seasonal snow interact with microwave radiation in very di erent ways. As a result,
| employ di erent radar instruments and measurement techniques when investigating the
di erent media. In the remainder of the introduction | will discuss microwave interactions

with river ice and seasonal snow in more detail.

River Ice

More than one-third of Earth's landmass is drained by rivers that seasonally freeze
over (Yang et al., 2020). The presence of river ice fundamentally changes the ecologic (Thell-
man et al., 2021), morphologic (Chassiot et al., 2020; Beltaos and Burrell, 2021), and
hydraulic (Ettema, 2007) characteristics of a river and adjacent riparian zone. The thermal
processes governing the formation (Ashton, 2013) and growth (Ashton and Beltaos, 2013) of
di erent types of river ice are presently well-de ned. As air temperatures begin to decline
in the later autumn months, two of the rst types of river ice to form are border ice and
skim ice (Clark, 2013). Border ice originates on river banks and grows horizontally inwards
toward the channel centerline. Skim ice is a large, thin sheet of thermally-developed ice
that typically forms on the water surface in regions of low turbulence (i.e. low wind and

water velocities) and large temperature gradients at the air-water interface. Other types of
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surface ice include frazil ice (ice crystals formed when supercooled surface water is entrained
downward by turbulent ow), slush or oc ice (collections of frazil crystals joined together

as larger masses), and pan or pancake ice (circular clusters of frazil ice that have collided
and frozen together in a cohesive unit) (Daly, 2013). Although most river ice develops and
exists near the water surface, an exception is anchor ice, which is ice that adheres to the
river bottom. Anchor ice forms either through the direct nucleation of supercooled water
onto river substrate or by the adherence of frazil particles onto substrate with the help of
downward turbulent mixing (Malenchak and Clark, 2013).

After the initial freezeup, various types of river ice often exist simultaneously within the
same river reach. Interaction between border ice and ice oes (a general term for free- owing
ice in the water channel) can result in the gradual narrowing of the e ective channel width
at the surface, often at a bend or constriction in the channel. Over time, accumulations
of ice oes or the growth of border ice into an ice bridge can result in channel-wide ice
cover (Clark, 2013). As additional ice oes traveling downstream encounter existing ice
covers, they either remain on the surface and extend the cover in the upstream direction,
or become submerged and travel under the stationary ice cover, often breaking into smaller
pieces and adhering to the underside of the ice (Beltaos, 2013a). As an ice cover extends
horizontally and vertically, it may grow large enough to become an ice jam, de ned by the
International Association for Hydraulic Research (IAHR) Working Group on River Ice (1986)
as \a stationary accumulation of fragmented ice or frazil that restricts ow." Ice jams as
long as 17 river km (Michel and Drouin, 1975; Kowalczyk and Hicks, 2003) and as thick as
19 m (Beltaos and Dean, 1981) have been documented on various rivers throughout North
America.

Ice cover and ice jam formation as described above can happen gradually over the
course of a winter season. Later, the characteristics of the transition from winter into spring

in uence the ice breakup scenario. A gradual, steady warming of air temperatures typically
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results in thermal breakup, where much of the river ice melts in place. On the other hand,
dramatic shifts in air temperatures or rain-on-snow events can result in rapid increases
in river discharge, which can break up the ice before signi cant thermal deterioration has
occurred (Beltaos, 2003). This scenario, called mechanical breakup, is associated with the
potential for severe, rapid-onset ooding. As broken ice pieces run downstream, they may
jam in a bend or a reach with stronger ice cover and cause backwater ooding. Later, the
sudden release of the newly-blocked ice sends a wave of ice and water downstream. The April
2020 mechanical breakup of ice on the Athabasca River in Alberta, Canada resulted in an
ice jam more than 20 km in length that formed near the town of Fort McMurray and caused
an estimated$1.1 billion (CAD) in ooding damages, the evacuation of more than 13,000
residents, and one death (Nafziger et al.,, 2021). Although warming temperatures have
resulted in a reduction in the extent and duration of river ice cover globally (Yang et al.,
2020), the threat of ice jam oods may actually rise in some areas due to an increase in the
number and severity of mid-winter breakup events (Carr and Vuyovich, 2014; Burrell et al.,
2021; De Coste et al., 2022; Rokaya et al., 2022). Global monitoring of river ice is critical

for managing and adapting to this increased variability.

River Ice-Microwave Interactions

Imaging radars are a type of active remote sensors, where the remote sensing platform
emits microwave radiation in the direction of a target and records the signal that is re ected
back toward the sensor. This is in contrast to passive microwave remote sensors which
record microwave radiation emitted by the target. The spatial resolution of imaging radar
instruments is directly related to the length of the antenna and the distance between the
instrument and the target (Meyer, 2019). For space-based imaging radars to achieve spatial
resolutions su cient for most science applications (tens of meters), the antennas would

need to be on the order of hundreds of meters long, a requirement that is not practical
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with current space technology. Instead, synthetic aperture radar (SAR) sensors synthesize
a su ciently long antenna using the orbital motion of the satellite as the instrument makes
repeated along-track measurements.

SAR sensors have been integrated into a variety of platforms for the purpose of
measuring the cryosphere, including stationary towers (Leinss et al., 2015), cars (Marshall
et al., 2022), airplanes (Hensley et al., 2010), and satellites (Chu et al., 2015). SAR sensors
can be constructed to operate at a wide range of microwave frequencies, commonly between
L-band (down to 1 GHz or 30 cm wavelength) and Ka-band (up to 40 GHz or 7.5 mm
wavelength). Incident SAR radiation at di erent frequencies will have di erent interactions
with the objects or surfaces at the target, which in uence the re ected signal ultimately
recorded by the instrument. SAR measurements made at lower frequencies typically have
lower sensitivities to surface conditions and lower spatial resolutions, but deeper penetration
into the surface. Additionally, SAR sensors may have di erent capabilities with respect to
transmitting and receiving waves of di erent polarizations (horizontal (H) or vertical (V)).
Polarization is typically notated with two letters, e.g. VH, where the rst letter denotes the
transmitted polarization and the second letter denotes the received polarization. Modern
SAR sensors for science applications often have dual-polarization capability (HH and HV
bands or VV and VH bands), and some provide quad-polarized data (HH, HV, VH, and
VV bands). Combining data from multiple polarizations can help discern target surface
characteristics (smooth vs. rough, soil moisture content, tall buildings vs. dense tree canopy,
etc.) better than using a single polarization.

A number of studies have demonstrated river ice monitoring on regional to global scales
using satellite-based SAR data. These SAR-based ice cover maps have been incorporated into
operational ice jam ood forecasting (e.g. Gauthier et al., 2006; van der Sanden et al., 2021).
Ice jam forecasts typically combine current river ice conditions with forecast meteorological

and hydrological conditions. Hence, satellite SAR-based ice maps can provide forecasters
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with information about the spatial and temporal evolution of river ice on regional scales,
which can help track potentially problematic areas during the spring breakup season.
Ice cover maps in previous studies have been derived primarily from the RADARSAT-
1, RADARSAT-2, and Sentinel-1 satellite missions. The instruments on these satellite
platforms all operate at C-band (5.3{5.405 GHz, or 5.6{5.55 cm wavelength) but have
di erent polarization capabilities (RADARSAT-2 can provide quad-pol measurements while
Sentinel-1 is limited to dual-pol VV/VH). The scattering of incident C-band SAR radiation is
strongly a ected by the physical properties of river ice. Modeling studies (Gherboudj et al.,
2008, 2010) have shown that in the case of a homogeneous layer of pure ice with a smooth
top surface, the vast majority of microwave scattering occurs at the ice-water interface due
to the sharp discontinuity in permittivity between the solid and liquid water. In real river
ice, SAR backscatter is also in uenced by the roughness of the top and bottom surfaces, as
well as structural properties like the presence and distribution of air bubbles, sediment, and
other impurities (van der Sanden et al., 2021). These e ects are illustrated in Figure 1.1
Most previous studies (e.g. Weber et al., 2001, 2003; Gauthier et al., 2006, 2010) have
emphasized the relationship between SAR backscatter and the roughness of the ice cover at
the air-ice interface, primarily because this is the most easily observable scattering-relevant
ice property. Typically, aerial photos of frozen rivers are used to validate SAR-based ice cover
maps (Drouin et al., June 19 - 22, 2007; Chu and Lindenschmidt, 2016; van der Sanden et al.,
2021), using the principle that visually rougher ice surfaces will result in a stronger C-band
SAR backscatter. This is a purely qualitative validation technique. As | demonstrate in
Chapter 2 of this dissertation (Palomaki and Sproles, 2022), quantitative measurements
collected using uncrewed aerial vehicle (UAV) Structure-from-Motion techniques reveal that
river ice surface roughness is not a strong control on Sentinel-1 SAR backscatter. Chapter
3 extends this work using a novel river ice dataset collected using UAV, ground penetrating

radar (GPR), and traditional techniques to examine the in uence of ice roughness, thickness,



Figure 1.1: Schematic diagram of microwave interactions with river ice. Black dashed arrows
represent incident microwaves and red solid arrows represent scattered radiation. Figure
reprinted from Palomaki and Sproles (2022).

and structure on Sentinel-1 backscatter. Although the results of Chapter 3 are site-speci c,
they indicate that the structure of the vertical ice column is a stronger control than surface

roughness on Sentinel-1 backscatter. These results

SnowWater Equivalent in Prairie Environments

SAR remote sensing remains a major focus of Chapter 4 of this dissertation, but
the application shifts to measuring prairie snow. Optical and hyperspectral satellite-
based techniques are well-established for measuring snow properties including snow cover
extent (Rittger et al., 2013), optical snow grain size (Nolin and Dozier, 2000), and snow
albedo (Bair et al., 2019). However, these methods do not penetrate the snowpack and
therefore cannot provide information related to snow depth or snow water equivalent (SWE),
the amount of water stored in the snowpack (Lettenmaier et al., 2015). Accurate, high-

resolution, global SWE measurements are not currently available (Tsang et al., 2022), and
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this missing information represents a major source of uncertainty in climate models (Krinner
et al., 2018) and water resource management applications (Siirila-Woodburn et al., 2021).

NASA SnowEx was an seven-year, multi-sensor eld campaign with the goal of
addressing gaps in snow remote sensing knowledge (Durand et al., 2020), especially remotely-
sensed measurements of SWE. Field campaigns were designed to collect coincident remotely-
sensed measurements of snow using various UAV and airborne platforms, while high-quality
validation data are collected simultaneously using specialized ground-based remote sensing,
in situ instruments, and traditional snow pit and snow probe techniques. One of the remote
sensing platforms used in SnowEx campaigns was UAVSAR, which features a quad-pol L-
band (1.26 GHz, 23.84 cm wavelength) SAR mounted on the underside of a Gulfstream-IlI
jet. These are the same speci cations as the L-band SAR on the upcoming NISAR satellite
mission; hence, UAVSAR measurements provide an opportunity to lay the foundations for
working with NISAR data.

The theoretical basis for SWE retrieval using L-band SAR measurements (described
in the next section) was developed with the assumption of a dry, homogeneous snowpack
within a SAR pixel. Previous SnowEx campaigns (and most other SAR-based SWE studies)
had validation sites concentrated in alpine or tundra snow regimes, where those conditions
are generally satis ed during mid-winter. | participated in eld work to collect validation
data during SnowEx 2021, which was the rst year prairie environments were represented in
SnowEXx validation sites. Prairie snowpack regimes comprise nearly 25% of seasonally snow-
covered land area and have distinctly di erent characteristics compared to alpine or tundra
snow environments (Sturm et al., 1995; Sturm and Liston, 2021). In particular, prairie
snowpacks are typically shallow and highly variable over short distances. Snow cover and
depth in windswept prairie environments are strongly controlled by the presence and height
of vegetation (Pomeroy and Gray, 1995). Agricultural producers in these regions retain

seasonal snow for use in the spring planting season by maintaining standing crop stubble
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over winter (Aase and Siddoway, 1980; Pomeroy and Li, 2000). Hence, snow-covered areas
in the prairie often feature exposed agricultural vegetation stubble extending beyond the top
of the snowpack (Harder et al., 2019). The work | present in Chapter 4 is the rst in-depth
investigation of using L-band SAR techniques to measure SWE in prairie environments.
Accurate, spatially-distributed measurements of SWE will be critical to support food and
ber production in these regions, especially as climate change shifts viable agricultural zones

northward in the coming decades.

Snow-Microwavelnteractions

At higher microwave frequencies, SAR radiation interacts with the snowpack in similar
ways to those described in Section 1. X- and Ku-band (8{18 GHz, or 3.75{1.65 cm
wavelength) SAR measurements are scattered by individual snow grains within the volume
of the snowpack and by the snow-ground interface (Tsang et al., 2022). Hence, total
backscatter can be related to snow depth and SWE once the snow-ground scattering is
accounted for. Recent work (Lievens et al., 2019, 2022) has demonstrated the potential for
snow depth retrieval from deeper snowpacks using C-band Sentinel-1 measurements, but the
physical mechanisms behind these empirical results remain under investigation; tower-based
experiments are currently underway (Brangers et al., 2022).

At lower frequencies, including L-band UAVSAR measurements, a dry snowpack is
virtually transparent to SAR radiation and microwave scattering by individual snow grains
is negligible. Hence, backscatter data from a single L-band SAR image cannot provide
meaningful SWE information (Rott et al., 2003). However, the higher permittivity of
snow relative to air causes a signal delay, and therefore a phase change, as the incident
microwave travels through the snow medium at a slower speed compared to the theoretical
path in a snow-free environment (Guneriussen et al., 2001). If a snow accumulation or

ablation event occurs between two repeat-pass SAR acquisitions, the change in SWE can
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be estimated directly from the phase change using L-band interferometric SAR (INSAR)
techniques. | present more details behind this physical relationship in Section 4.2, using
previously published derivations.

The validation data | helped collect as part of the SnowEx 2021 campaign allows for
the rst in-depth investigation of L-band InSAR-based SWE measurements in a prairie
environment. The eld site was the Montana State University Central Agricultural Research
Center (CARC), which consists of numerous elds used for agronomy experiments during the
growing season. The validation dataset includes snow presence data collected using UAV-
based photogrammetry, snow depth data from UAV-based LIiDAR and traditional probe
methods, and stubble height data at the individual eld level. This high-resolution dataset
enabled a robust statistical analysis that examines the e ects of patchy snow cover and
agricultural stubble height, both separately and together, on L-band INSAR SWE retrievals.
This work improves our understanding of the feasibility and limitations of L-band snow

measurements in prairie environments, and provides guidance for future eld campaigns.

Dissertation structure

Chapters 2, 3, and 4 are presented in manuscript form, in the formatting requested by
the speci ¢ journals. Chapter 2 has been published iRemote SensingChapter 3 has been
prepared for submission toGeophysical Research Lettersand Chapter 4 has been revised
and resubmitted to Remote Sensing of Environmentl summarize the main ndings of these

three articles in Chapter 5 and o er some thoughts on the future directions of this work.
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