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ABSTRACT

Water flow through snow, due to snowmelt or rain-on-snow events, is a heterogeneous
process that has implications for snowmelt timing and magnitude, snow metamorphism, albedo
evolution, and avalanche hazard. Remote sensing technologies, ranging from ground-based to
satellite-borne scales, offer a non-destructive method for monitoring seasonal snowpacks,
although there is no single technique that is ideal for monitoring snow. Wet snow, specifically,
presents a challenge to both optical and radar remote sensing retrievals. The primary aim of this
dissertation was to develop wet snow remote sensing methods from within a controlled
laboratory environment, allowing for precise characterization of snow properties. Experiments
were conducted by preparing laboratory snow samples of prescribed structures and monitoring
them during and after melt using hyperspectral imaging and polarimetric radar. Snow properties
were characterized using X-ray computed microtomography, a dielectric liquid water content
sensor, and serial-section reconstructions. In addition to laboratory experiments, hyperspectral
imaging snow property retrieval methods were developed and tested in the field during wet snow
conditions at the ground-based scale.

The primary outcomes from this work were three new remote sensing applications for
monitoring wet snow processes. First, a new hyperspectral imaging method to map effective
snow grain size was developed and used to quantify grain growth due to wet snow
metamorphism. Second, the optimal radiative transfer mixing model to simulate wet snow
reflectance was determined and used to map liquid water content in snow in 2- and 3-
dimensions. Lastly, snow melt progression was monitored using continuous upward-looking
polarimetric radar and it was found, by comparison to 3-dimensional liquid water content
retrievals from hyperspectral imaging, that the cross-polarized radar signal was sensitive to the
presence of preferential flow paths. The work presented here highlights the utility of using a
multi-sensor fusion approach to snow remote sensing. Although these laboratory remote sensing
experiments were at a small scale, the remote sensing instrument response to specific snow
conditions directly translates to larger scales, which is valuable to support algorithm
development for ground, airborne, and spaceborne remote sensing missions.
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CHAPTER ONE

INTRODUCTION

Motivation

Snow is a large natural reservoir of fresh water and about one-sixth of the world’s
population rely on snowmelt for human consumption and agriculture (Barnett and others, 2005).
For instance, in the western United States up to 75% of the fresh water supply comes from
annual snowmelt in the mountains (Simpkins, 2018). As the world faces climate change,
population growth, and land-use change, the need for accurate knowledge of water resources
held in the form of snow in mountain environments will continue to grow (Bales and others,
2006). However, accurate snow measurements remain a challenge because much of the Earth’s
snow cover is in remote and isolated terrain.

In recent decades, optical and radar remote sensing technology has advanced our ability
to measure key snow parameters through spaceborne, airborne, and ground-based platforms.
However, gaps remain in snow remote sensing knowledge and many opportunities exist for
better interpretation of these datasets. One important gap is remote sensing of wet snow
properties because the presence of liquid water, hereafter referred to as water, changes snow into
a three-phase material (i.e., ice, water, and air), which impacts the physical, optical, and
dielectric properties. Additionally, the changes to these properties are spatially and temporally
variable due to the infiltration of water into the snowpack being heterogenous and the liquid

water content (LWC) varying over diurnal cycles.
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Broadly, snow remote sensing knowledge gaps motivated the recent multiyear NASA

SnowEx campaign (https://snow.nasa.gov/campaigns/snowex) focused on testing multiple

instrument types in a variety of snow environments. Testing snow remote sensing
instrumentation in the field is challenging, though, because snow conditions cannot be fully
characterized over large spatial scales. It is advantageous to supplement these efforts with small-
scale laboratory remote sensing experiments where prescribed snow microstructures can be
created, perturbed, and fully characterized in a controlled environment. This dissertation
addresses knowledge gaps related to the retrieval of wet snow properties from near-infrared

(NIR) hyperspectral imaging and polarimetric radar in situ within a laboratory environment.

Optical Remote Sensing

Optical remote sensing makes use of sensors that detect reflected radiation in the solar
spectrum (i.e., visible and infrared). Optical properties, which describe light interactions and the
probability of reflection and absorption at different wavelengths, vary across different material
types. By measuring reflected radiation at multiple wavelengths, optical remote sensing
platforms can leverage unique reflectance signatures to classify materials or determine material
characteristics.

In the cryosphere, there is a long legacy of mapping snow and ice extent from satellite
optical remote sensing (Hori and others, 2017), which plays an important role in Earth’s climate
system. More recently, it has been demonstrated that physical snow properties, such as snow
grain size (Nolin & Dozier, 2000, Painter and others, 2009, Seidel and others, 2016),
concentrations of light absorbing particles (LAPS) (Skiles and others, 2018, Bair and others,

2021), and LWC (Hyvarinen & Lammasniemi, 1987, Green and others, 2002) can also be


https://snow.nasa.gov/campaigns/snowex
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retrieved using measured spectral reflectance from optical remote sensors at scales ranging from
satellite to ground-based. The ability to quantify these physical snow properties remotely
provides useful data about the state of the snowpack, that can be used for climate, hydrology, and
avalanche forecasting because they control snow albedo, snowmelt timing, and snow stability.

The basis for being able to retrieve physical snow properties from spectral reflectance lies
in knowing the optical properties of snow constituents (i.e., ice, air, water, and LAPS) and their
relative size and abundance. In practice, a radiative transfer model inversion technique is
commonly used, which compares measured spectral reflectance to a simulated spectral
reflectance based on input physical parameters. This dissertation primarily focuses on near-
infrared optical remote sensing of snow, where reflectance signatures are controlled by snow
grain size and LWC (Warren, 1982). The following sections provide prerequisite background on
the optical properties of snow and give a brief overview of radiative transfer modeling, both of

which are used extensively throughout Chapters 2-4.

Optical Properties of Snow

The optical properties of pure substances, including ice and water, are described by the
spectral complex refractive index (N;)
N, =ny + ik, 1)
The real component (n,) describes how fast light travels through a medium, while the imaginary
component (k,) describes how radiation is absorbed as a wave propagates through the material.
For ice and water, there is minimal variation in the real component across the solar spectrum,
whereas the imaginary component increases across the same range by orders of magnitude. This

means that in the visible wavelengths (380-750 nm) pure water, in both its liquid and solid phase,
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is essentially transparent and becomes increasing absorptive in the NIR (750-2500 nm).
Although the absorption patterns across the NIR are similar between ice and water, there are
shifts that distinguish the different phases that can be leveraged using optical remote sensors. To
illustrate this point, the spectral complex refractive index for ice (Warren & Brandt, 2008) and
water (Rowe and others, 2020) across the NIR wavelengths ranging from 700 — 2500 nm are

shown in Figure 1.

11.35
L
2 - G
e 113 &
> &
£ jp0
Ice (Imaginary) 11.25
= = -Water (Imaginary)
Ice (Real)
— — -Water (Real)
-8 L L L
10 1.2
1000 1500 2000 2500

Wavelength (nm)

Figure 1. Complex refractive index of pure ice (Warren & Brandt, 20087) and pure water
(Rowe and others, 2020) in near-infrared wavelengths ranging from 700-2500 nm.

Snow is a mixed medium and the reflectance is determined by the complex refractive
index of its constituents (i.e., ice, air, water). These control light-snow interactions by
determining the probability that an incident photon at the snow surface is absorbed, transmitted,
or reflected at an ice-air interface (Wiscombe & Warren, 1980). In the visible wavelengths,
photons can travel long distances without being absorbed and the opportunity for scattering

increases with each interaction at ice-air interfaces. This accounts for the high reflectivity of
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snow in the visible wavelengths. In the NIR wavelengths, where ice and water are more
absorptive, the probability that a photon will be absorbed is dependent on the path length
traveled through these materials. The path length increases as snow grains grow larger, or water
content increases, hence snow reflectance in this wavelength range is dependent on grain size
and LWC (Warren, 1982). To illustrate this, example NIR reflectance spectra are shown for
variations in grain size and LWC, in Figure 2, which were generated using a radiative transfer

simulation and is discussed further in the next section.

1 ; ; ;
Grain Radius = 250 um ; LWC = 0%
- = = Grain Radius = 250 um; LWC = 20%
08¢} Grain Radius = 750 pm; LWC = 0% ||
= = = +Grain Radius = 750 um; LWC = 20%
06|
@©
3]
[0}
k5
CC 04 [
027
0

800 1000 1200 1400 1600
Wavelength (nm)

Figure 2. Example snow reflectance spectra showing the impact from grain size and liquid
water content (LWC). Figure generated using simulated reflectance spectra output from the
Discrete-Ordinate Radiative Transfer Model (DISORT).

Optical Radiative Transfer Modeling

Light interaction with snow grains is a complex process due to the irregular grain shapes

and multiple scattering. To model snow reflectance, first, the single scattering properties of snow
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constituents (i.e., ice and water) is modeled. This is done for a single particle that acts
independently, and is described by three dimensionless optical parameters; the absorption
efficiency (Qgps), Scattering efficiency (Qs.,), and asymmetry factor (g) (Gardner & Sharp,
2010). To simplify the calculation, snow grains are commonly modeled as spheres with radius re,
referred to as the effective grain radius. Leveraging this simplification, the single scattering
properties of snow grains can be modeled with Mie scattering theory (Bohren & Huffman, 2008)
using the well characterized optical properties (complex refractive index) of ice and water
presented in the previous section.

Single scattering optical properties can then be used with the radiative transfer equation
to model multiple scattering properties, representing light interactions between multiple grains.
Of interest to this research are two radiative transfer models (1) Snow, Ice, and Aerosol
Radiative (SNICAR) model (Flanner & Zender, 2005) and (2) Discrete Ordinates Radiative
Transfer (DISORT) (Stamnes and others, 1988). SNICAR is computationally favorable because
integration of the radiative transfer equation is not computed, but rather a two-stream
approximation is used, meaning radiation propagating along only two discrete directions is
considered. The output is hemispheric angularly integrated reflectance, or albedo, for a given
illumination direction (i.e., directional-hemispherical reflectance) or diffuse light condition (i.e.,
hemispherical-hemispherical reflectance). DISORT is a more complex model, capable of
handling multiple-streams and calculates the angular distribution of spectral reflectance which

has been defined by Dozier and Painter (2004) as

7L (6r, ¢r) (2)
COSGOEA,direct (00' d)O) + EA,diffuse

R/1 (90' ¢0; Hr' ¢r) =
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Where L, is reflected spectral radiance, Ej 4ir.c¢1S the direct incident irradiance on a surface
normal to the beam, Ej 4;f v IS the diffuse incident irradiance and R is the spectral directional

reflectance. The zenith and azimuth angles are defined as 0 and ¢, and the subscripts 0 and r
signify incident and reflected, respectively. The spectral albedo is found by integrating R, over
the entire upward-looking hemisphere.

Both radiative transfer models have been used extensively to model the scattering
behavior of dry snow (Painter and others, 2007, Skiles & Painter, 2018), which has been used to
generate lookup tables of simulated spectral reflectance for the purpose of inverting remotely
sensed reflectance to physical snow properties. These types of retrievals have been performed at
multiple scales and instrument types. Conversely, radiative transfer modeling of snow has not
extended into a rigorous treatment of the scattering behavior of wet snow (Dozier & Painter,
2004). There have been two case studies that have proposed optical property mixing models for
simulating wet snow reflectance, however, retrievals from these models have yet to be

quantitatively assessed.

Radar Remote Sensing of Snow

Radar, an active remote sensing system, uses antennas to transmit electromagnetic (EM)
waves and receive backscattered EM waves from the targeted object to determine its properties.
Traditionally, radar has been used to determine distance (ranging) and velocity of an object by
leveraging the two-way travel time and phase change of the returned wave. Additionally, the
orientation of the EM wave, or polarization, can be leveraged to extract geometrical structure,

shape, and orientation of the object (Lee & Pottier, 2017). Over the past several decades, radar
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has been proven to be a prominent tool for terrestrial snow monitoring because EM waves in the
microwave frequencies penetrate into the snowpack, making it possible to retrieve volumetric
properties quickly and non-destructively.

Applications of radar remote sensing of snow vary with platform scale (i.e., spaceborne,
airborne, or ground-based) and frequency. At the satellite scale, for example, synthetic aperture
radar (SAR) acquires high resolution radar image datasets, which have been used to estimate
volumetric snow properties by analyzing the integrated radar backscatter, such as snow water
equivalent (SWE) (Lievens and others, 2019, Rott and others, 2010). Ground-based radar, on the
other hand, measures the two-way travel time of backscatter returns from multiple layers (i.e.,
full waveform), which are caused by variations in the dielectric properties within the snowpack.
The backscatter signals can be used to characterize vertical snow profiles and identify
stratigraphy (Marshall and others, 2007), in addition to retrieving volumetric properties
(Ellerbruch & Boyne, 1980). The suitability for snow property retrieval varies with frequency;
higher frequencies (shorter wavelengths) are sensitive to snow microstructure (Rutter and others,
2019) and are better for resolving stratigraphy, whereas lower frequencies (longer wavelengths)
are less sensitive to snow microstructure and are better for volumetric properties (Mitterer and
others, 2011). Additionally, the orientation of the EM wave can be used for retrievals relating to
snow structure (Leinss and others, 2016).

Generally, analysis of radar data for snow property retrieval relies on understanding the
dielectric properties of snow and the backscatter behavior, which is frequency and polarization

dependent. This dissertation, in Chapter 4, uses these principles to investigate wet snow
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processes within the volume of a snowpack. The following sections describe these principles in

more detail.

Dielectric Properties of Snow

In general, snow is a dielectric material, meaning EM waves can propagate through the
material with minimal conduction. The effective relative permittivity (e.¢) of snow is a complex
number consisting of a real and imaginary component that describes the dielectric properties,
similar to the complex refractive index described in the previous optical remote sensing section.
The real component describes the velocity at which the EM wave travels through the material
and the imaginary component describes the absorption of the EM wave. For mixed-media
materials, such as snow, &, is determined by taking the weighted average of the relative
permittivity (e,.) for the constituents of the material (i.e., ice, air, and water) (Matzler and others,
1984). Ice is a low-loss material, meaning that a microwave can propagate through the material
without much energy loss, while water is a high-loss material, meaning that energy is dissipated
quickly. For comparison, the unitless ¢, of ice is 3.15 while the value for water is 80
(Hallikainen, 1977). In general, ¢ is a function of snow density, volumetric LWC, frequency,
temperature, and the shape of water inclusions (Hallikainen and others, 1986).

In dry snow conditions, the real part (&;) is a function of dry snow density (p,) and is
generally independent of frequency in the microwave range if the very small imaginary part (¢
is neglected (Matzler, 1996). Many empirical relationships between snow density and dielectric
constant have been derived (Ambach & Denoth, 1980, Hallikainen and others, 1982), but for

practical purposes, a simple linear relationship can be used (Tiuri and others, 1984)
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The microwave velocity in a snowpack is directly related to &, and can be used to determine
volumetric properties, such as total snow height (h), layer thickness, and SWE (SWE = p,h)
(Mitterer and others, 2011)

c c h (4)
v = = = —
Véers  J1+2pg ¢

where c is the speed of light in a vacuum, v is the wave speed in the snow, and t is the travel
time. However, equation (4) contains two unknowns (p, and h) and therefore a priori knowledge
of one of these parameters must be known to calculate SWE. Commonly, though, p, is estimated
using energy balance models (Marks and others, 1999) and h is solved for using the radar two-
way travel time.

In wet snow conditions, radar measurements are more complicated because snow
becomes a three-phase mixture of ice, air, and water. The presence of water increases microwave
absorption and even small amounts of water (2-3% by volume) leads to high dielectric loss,
which drastically affects radar backscatter and decreases penetration depth (Winebrenner and
others, 1998, Rott and others, 1988). The penetration depth of a microwave in wet snow is
inversely proportional to frequency (i.e., higher frequency has lower penetration). Radar
frequencies ranging from L to C band (1-8 GHz) have proven to be suitable for measuring wet
snow from a seasonal snowpack, because they have adequate penetration depth (Mitterer and
others, 2011, Shi & Dozier, 1995, Marshall and others, 2004).

To predict ¢, for wet snow, three-phase dielectric mixing models have been developed.

A commonly used mixing model, for example, was developed by Roth and others (1990)



11

z ®)
Eoff = [HWef, + (- n)eiﬁ +(n-— HW)ef]ﬁ

where 6,, is the volume fraction of water, ¢; 4, is the relative permittivity for the three
constituents (i.e., ice (i), air (a), and water (w)), S is a factor considering the different layering of
a snowpack, and n is the porosity of snow. Similar to dry snow, &, of wet snow can also be
used to calculate SWE. However, in this case the calculation of ., relies on many potentially
unknown variables and an empirically derived factor (8). These types of models have been
shown to closely match in situ measurements (Roth and others, 1990, Hallikainen and others,
1986, Heilig and others, 2015), though, benefited from a priori knowledge of the snowpack
properties from measurements. For global snow remote sensing, prior knowledge of the

snowpack is not possible, thus radar measurements of wet snow remain a challenge.

Polarimetric Backscatter

A polarimetric radar independently transmits and receives microwaves in a vertical (V)
and horizontal (H) polarization state. Full polarimetric data includes co-polarization transmit-
receive, i.e., vertical-vertical (VV) and horizontal-horizontal (HH), and cross-polarization
transmit-receive, i.e., vertical-horizontal (\VH) and horizontal-vertical (HV). Generally, co-
polarization returns are dominated by single scattering reflections, such as stratigraphy layers
(Marshall and others, 2007), and cross-polarization returns are a result of multiple scattering
(Kendra and others, 1998). In dry snow, multiple scattering can occur at the snow-grain scale
when the wavelength is of similar size or smaller than the ice particles. In wet snow, the
heterogenous infiltration of water causes water inclusions that can be much larger than the ice

particle size alone, which likely causes multiple scattering within the snow volume. The
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application of polarimetric radar data to snow is a relatively recent advancement and the
scattering behavior of microwaves within the porous media is not fully understood.
The total radar backscatter (o,55°) over a snowpack can be approximated using a four-

component model for transmit-receive polarizations p and g (Ulaby, 1982)

tot _ air—-snow

snowvol—grnd
Opa" = Opq + 0oy + 0 7

2 2 grnd
pq + Tpq * Lpg * 0, )

pq

where g fir~snoWis the backscatter from the air snow interface, o57°%°! is the volume scattering
component in the snowpack, ajZowm_gmd is the interaction between the volume scattering and

the snow-ground interface, and o974

»q IS ground scattering component, which is attenuated by the

snowpack through the power transmission coefficient T, at the air-snow interface and the snow
volume attenuation factor L,,. Each backscatter component is visualized in Figure 3, which was

adapted from Liang and Wang (2020).

Air O.(llT—STlOW

o snowvol; /' _snowvol—grnd
Snow )
Ground I

Figure 3. lllustration of the four radar backscatter components from a snow-covered ground.
Figure adapted from Liang & Wang (2020).
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Research Gap and Objectives

Understanding wet snow processes and snowmelt timing is of interest to the avalanche
and hydrology communities because the presence of water directly impacts snow stability and
runoff timing. Using remote sensing to monitor these processes is an active area of research, but
challenges remain due to the heterogenous nature of melt initiation and water infiltration in a
snowpack over space and time. Water is first introduced into a snowpack at the surface during
melt initiation or rain-on-snow events. Once the surface layer becomes saturated, water
percolates vertically into deeper layers of the snowpack, which is generally classified by two
mechanisms: (1) matrix flow and (2) preferential flow (Colbeck, 1979, Schneebeli, 1995). Matrix
flow describes a semi-uniform vertical melting front, while preferential flow describes
concentrated vertical water pathways that extend deep into the snowpack beyond matrix flow
(Webb and others, 2018). Matrix flow typically has broad horizontal extent that is relatively easy
to identify using radar remote sensing (Mitterer and others, 2011), whereas preferential flow
paths are spatially variable and typically vertically oriented, making them difficult to detect non-
destructively using remote sensing techniques.

At the ground-based scale, radars are commonly pulled on a sled to collect transects
(McGrath and others, 2019) or mounted to a tower for continuous monitoring (Marshall &
Robertson, 2016), both of which collect data in a downward-looking nadir configuration relative
to the top of the snow surface. When snowmelt initiates, radars in this configuration get large
magnitude returns at the snow surface and microwave penetration into the snowpack is reduced,
making it difficult to track snowmelt progression. To mitigate this problem, some studies

(Gubler & Hiller, 1984, Mitterer and others, 2011) have buried radars in the ground in an
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upward-looking configuration to monitor the snowpack from below. This configuration is
advantageous in wet snow conditions because the radar can track homogenous matrix flow as it
moves towards the radar (Mitterer and others, 2011), however, preferential flow paths have yet
to be detected using upward- or downward-looking radar systems.

Previous studies using upward-looking radar to monitor wet snow have used single co-
polarized radar systems, which are generally limited to detecting planar single-scattered features
in the snowpack, like the horizontal extent of matrix flow. Prior to the research presented here, a
polarimetric radar had yet to be used in an upward-looking configuration to monitor snowmelt
processes, but it could provide additional information about the orientation and structure of melt
pathways, like vertical preferential flow paths. The primary goal of this dissertation was to
investigate using a polarimetric radar in an upward-looking configuration to determine if cross-
polarized radar returns could be leveraged to help classify wet snow process (i.e., matrix vs
preferential flow). To achieve this goal, experiments were conducted in a controlled laboratory
environment where snow layer structure and snow melt timing could be controlled, and the final
state of the wet snow sample could be precisely characterized.

To meet the primary goal, new methodology was needed to characterize laboratory snow
samples at the scale (~ 0.5 m®) of radar experiments in terms of LWC and grain size distribution.
Previous to this work, in situ instruments were limited to discrete point measurements for LWC
(Denoth, 1994, A2 Photonic Sensors, 2019) and grain size (Painter and others, 2007, Gergely
and others, 2014), which do not adequately capture the spatial variability of snow microstructure.
Similarly, X-ray computed microtomography (micro-CT) is frequently used in laboratory

experiments to measure snow grain size and other microstructural properties, but the sample size
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used for analysis is relatively small (cm scale) compared to the scale at which patterns in water
infiltration manifest. The need for new methodology to accomplish the primary goal spurred
objectives 1-3 of this dissertation, aimed at developing optical remote sensing methods that could
quantify snow properties in high spatial resolution maps, rather than discrete point
measurements.

The first objective was to develop an effective snow grain size mapping method using
hyperspectral imaging, which could be used to characterize grain growth due to the presence of
water (i.e., wet snow metamorphism). Building upon the first objective, the second objective was
to develop a hyperspectral imaging method to map the LWC across the vertical profile of a wet
snow sample. Although these two retrieval methods were developed in a laboratory, they were
subsequently tested in the field by imaging a snowpit sidewall. Using the results from objectives
one and two, the third objective was to reconstruct the retrieved snow properties in 3-dimensions
using a serial-sectioning approach, which could be used for comparison to the polarimetric radar

measurements.

Dissertation Outline

The main body of this dissertation includes two chapters that develop snow property
retrieval methods using hyperspectral imaging. The third chapter presents polarimetric upward-
looking radar snowmelt experiments that were compared against the snow property retrievals
developed in the first two chapters. In Chapter 2, effective grain size was retrieved using the
established scaled band area method (Nolin & Dozier, 2000), which limited retrievals to dry
snow conditions before and after snowmelt. The retrievals were assessed against those from a

field spectrometer (Painter and others, 2007) and micro-CT (Flin and others, 2004, Schneebeli &
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Sokratov, 2004) and an illumination angle sensitivity study was conducted. Chapter 3 presents a
hyperspectral imaging method to map LWC and effective grain size simultaneously in wet snow
conditions, which was needed to characterize wet snow samples for radar interpretation. Three
wet snow optical property mixing models were used in radiative transfer modeling to simulate
wet snow reflectance, which were used to invert hyperspectral images to retrieve per-pixel LWC.
Each model was tested against in situ LWC measurements to determine the optimal model for
wet snow radiative transfer simulations. The results from Chapters 2 and 3 were combined in
Chapter 4 with hyperspectral serial-section imaging to reconstruct snow properties into a 3D
model, which was used for comparison to upward-looking polarimetric radar returns during
snowmelt experiments. The contents in Chapter 2 and 3 have been published in peer-reviewed
open-access journals and Chapter 4 was submitted to a peer-reviewed open-access journal and is

currently under review. An abstract for each chapter is included in the outline below.

Chapter 2: In situ effective grain size mapping using a compact hyperspectral imager
This chapter was published in the Journal of Glaciology and is reprinted here in journal

formatting.

Donahue, C., Skiles, S. M., & Hammonds, K. (2021). In situ effective snow grain size mapping

using a compact hyperspectral imager. Journal of Glaciology, 67(261), 49-57.
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Abstract
Effective snow grain radius (re) is mapped at high resolution using near-infrared hyperspectral
imaging (NIR-HSI). The NIR-HSI method can be used to quantify re spatial variability, change
in re due to metamorphism, and visualize water percolation in the snowpack. Results are
presented for three different laboratory-prepared snow samples (homogeneous, ice lens, fine
grains over coarse grains), the sidewalls of which were imaged before and after melt induced by
a solar lamp. The spectral reflectance in each ~3 mm pixel was inverted for re using the scaled
band area of the ice absorption feature centered at 1030 nm, producing re maps consisting of 54
740 pixels. All snow samples exhibited grain coarsening post-melt as the result of wet snow
metamorphism, which is quantified by the change in re distributions from pre- and post-melt
images. The NIR-HSI method was compared to re retrievals from a field spectrometer and X-ray
computed microtomography (micro-CT), resulting in the spectrometer having the same
mean re and micro-CT having 23.9% higher mean r. than the hyperspectral imager. As compact
hyperspectral imagers become more widely available, this method may be a valuable tool for

assessing re spatial variability and snow metamorphism in field and laboratory settings.

Chapter 3: Mapping liquid water content in snow at the millimeter scale: an intercomparison of
mixed-phase optical property models using hyperspectral imaging and in situ measurements

This chapter was published in The Cryosphere and is reprinted here in journal formatting.
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Donahue, C., Skiles, S. M., & Hammonds, K. (2022). Mapping liquid water content in snow at
the millimeter scale: an intercomparison of mixed-phase optical property models using

hyperspectral imaging and in situ measurements. The Cryosphere, 16(1), 43-59.

Abstract

It is well understood that the distribution and quantity of liquid water in snow is relevant for
snow hydrology and avalanche forecasting, yet detecting and quantifying liquid water in snow
remains a challenge from the micro- to the macro-scale. Using near-infrared (NIR) spectral
reflectance measurements, previous case studies have demonstrated the capability to retrieve
surface liquid water content (LWC) of wet snow by leveraging shifts in the complex refractive
index between ice and water. However, different models to represent mixed-phase optical
properties have been proposed, including (1) internally mixed ice and water spheres, (2)
internally mixed water-coated ice spheres, and (3) externally mixed interstitial ice and water
spheres. Here, from within a controlled laboratory environment, we determined the optimal
mixed-phase optical property model for simulating wet snow reflectance using a combination of
NIR hyperspectral imaging, radiative transfer simulations (Discrete Ordinate Radiative Transfer
model, DISORT), and an independent dielectric LWC measurement (SLF Snow Sensor). Maps
of LWC were produced by finding the lowest residual between measured reflectance and
simulated reflectance in spectral libraries, generated for each model with varying LWC and grain
size, and assessed against the in situ LWC sensor. Our results show that the externally mixed
model performed the best, retrieving LWC with an uncertainty of ~ 1 %, while the

simultaneously retrieved grain size better represented wet snow relative to the established scaled
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band area method. Furthermore, the LWC retrieval method was demonstrated in the field by
imaging a snowpit sidewall during melt conditions and mapping LWC distribution in

unprecedented detail, allowing for visualization of pooling water and flow features.

Chapter 4: Laboratory observations of preferential flow paths in snow using upward-looking
polarimetric radar and hyperspectral imaging
This chapter is under review for Remote Sensing and the preprint is reprinted here in journal

formatting.

Donahue C., Hammonds K., Laboratory observations of preferential flow paths in snow using
upward-looking polarimetric radar and hyperspectral imaging. Submitted to Remote Sensing on

22 March 2022, In Review

Abstract

Infiltration of liquid water in a seasonal snowpack is a complex process that consists of
two primary mechanisms: a semi-uniform melting front, or matrix flow, and heterogeneous
preferential flow paths. Distinguishing between these two mechanisms is important for
monitoring snow melt progression, which is relevant for hydrology and avalanche forecasting. It
has been demonstrated that single co-polarized upward-looking radar can be used to track matrix
flow, whereas preferential flow paths have yet to be detected. Here, from within a controlled
laboratory environment, continuous polarimetric upward-looking C-band radar was used to

monitor melting snow samples to determine if cross-polarized radar returns were sensitive to the
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presence and development of preferential flow paths. The experimental dataset consisted of six
samples, for which the melting process was interrupted at increasing stages of preferential flow
path development. Using a new serial-section hyperspectral imaging method, polarimetric radar
returns were compared against the 3-dimensional liquid water content distribution and
preferential flow path morphology. It was observed that the cross-polarized signal increased by
13.1 dB across these experiments. This comparison showed that the metrics used to characterize
the flow path morphology related to the increase in cross-polarized radar returns spanning the six
samples, indicating that upward-looking polarimetric radar has potential to identify preferential

flow paths.
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CHAPTER TWO

IN SITU EFFECTIVE SNOW GRAIN SIZE MAPPING USING

A COMPACT HYPERSPECTRAL IMAGER

Manuscript in Chapter 2

Author: Christopher Donahue
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transfer simulations using SNICAR, processed and analyzed all data, analyzed results, prepared
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In situ effective snow grain size mapping using
a compact hyperspectral imager
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Abstract

Effective snow grain radius (r.) is mapped at high resolution using near-infrared hyperspectral
imaging (NIR-HSI). The NIR-HSI method can be used to quantify r. spatial variability, change
in 7. due to metamorphism, and visualize water percolation in the snowpack. Results are pre-
sented for three different laboratory-prepared snow samples (homogeneous, ice lens, fine grains
over coarse grains), the sidewalls of which were imaged before and after melt induced by a solar
lamp. The spectral reflectance in each ~3 mm pixel was inverted for 7. using the scaled band area
of the ice absorption feature centered at 1030 nm, producing . maps consisting of 54 740 pixels.
All snow samples exhibited grain coarsening post-melt as the result of wet snow metamorphism,
which is quantified by the change in r, distributions from pre- and post-melt images. The NIR-
HSI method was compared to 7, retrievals from a field spectrometer and X-ray computed micro-
tomography (micro-CT), resulting in the spectrometer having the same mean r, and micro-CT
having 23.9% higher mean 7. than the hyperspectral imager. As compact hyperspectral imagers
become more widely available, this method may be a valuable tool for assessing r. spatial
variability and snow metamorphism in field and laboratory settings.

1. Introduction

Snow grain size is a physical property of snow that exerts controls on snow reflectance
(Wiscombe and Warren, 1980), and is used to characterize mechanisms of snow metamorph-
ism and stratigraphy (Colbeck, 1991). At the surface, characterizing the snow grain size is crit-
ical for modeling snow albedo, a primary control for snow energy balance and snowmelt
timing (Marks and Dozier, 1992). Whereas stratigraphy, or the vertical distribution of snow
grain size, is critical for modeling microwave radiative transfer (Brucker and others, 2011)
and understanding mechanical (Pielmeier and Schneebeli, 2003) and thermodynamic
(Hammonds and others, 2015) properties of a snowpack.

There are multiple ways to characterize snow grain size. The classical snow grain size,
defined as the largest extension (mm) of a snow grain, is most simply observed using a crystal
card and hand lens (Fierz and others, 2009). Whereas the specific surface area (SSA) is defined
as the surface area per unit volume and is measured using stereology methods. Snow grain size
can also be described as an effective grain radius (r.), which is used to approximate the scat-
tering and absorption properties of snow. Grenfell and Warren (1999) demonstrated that a col-
lection of spherical ice particles with the same volume-to-surface area ratio as snow (i.e.
characterized with stereology methods) could be used to model hemispherical reflectance.
The effective grain radius is directly related to SSA by:

SSA = %. (1)
In the near-infrared (NIR) wavelengths (800-2500 nm), snow spectral reflectance has a char-
acteristic decline due to the increasing absorptivity of ice at these wavelengths. Reflectance,
therefore, has an inverse relationship with grain size in this wavelength range because absorp-
tion is a function of the amount of ice per unit volume. For the same snow layer, NIR reflect-
ance typically declines over time because grain coarsening occurs due to snow metamorphism.
Leveraging this relationship, methods have been developed to retrieve r. from various instru-
ments that measure snow reflectance by relating the magnitude of NIR reflectance, or area/
depth of distinct ice absorption features, to r.. Broadly, these can be classified as either discrete
measurements or mapping techniques, and further characterized by the spectral range and
resolution of the instrument.

At the landscape scale, remote-sensing techniques are used to map 7. on a pixel-wise basis
from surface reflectance. It has been shown that spaceborne multispectral sensors, like the
Moderate Resolution Imaging Spectroradiometer (MODIS), can be used to map r. using
band ratios or spectral unmixing (Painter and others, 2009, 2012). These satellite datasets
have value due to their record length, spatial coverage and temporal resolution, but high
degrees of uncertainty result from mixed pixels and low spectral resolutions. For airborne
imaging spectrometers, like the Airborne Visible/Infrared Imaging Spectrometer (AVIRIS),
re is mapped at the scale of tens of meters by inverting the shape of ice absorption features
resolved in spectral reflectance with radiative transfer modelling (Nolin and Dozier, 2000;
Seidel and others, 2016). Spatial and spectral resolution are much higher, and uncertainty

@ CrossMark



24

50

lower compared to spaceborne platforms, but due to logistics and
cost, airborne datasets are very limited in spatial extent and tem-
poral coverage.

At the local scale (ie. laboratory, plot, snow pit) field
spectrometers are used to retrieve discrete measurements of r,
from surface spectral reflectance, or along the vertical snow profile
(~2 cm) when coupled to a contact probe, known as contact spec-
troscopy (Painter and others, 2007). Lower spectral resolution
field instruments have also been developed to measure 7, from
small discrete snow samples (~3 cm) using an integrating sphere
and NIR light source, from which reflectance is empirically
related, or calibrated, to known reflectance from a range of
snow grain sizes. Examples of these instruments include
DUFISSS (Gallet and others, 2009), IceCube (Zuanon and A2
Photonic Sensors, 2013) and Infrasnow (Gergely and others,
2014). Similarly, a vertical profiler, POSSSUM, has been
developed to measure SSA profiles in one-dimension from mea-
surements of reflectance at 1310 nm with a vertical resolution of
10 mm (Arnaud and others, 2011). Discrete measurements can
be time consuming to collect, are limited to instrument field of
view/sample size, and cannot efficiently capture spatial variability.
This can be addressed by mapping r., which has been demon-
strated using a digital NIR photographic method (Matzl and
Schneebeli, 2006). NIR photography correlates snow reflectance
from 840 to 940 nm to SSA, measured using stereology methods,
and is high resolution (~1 mm). However, because this method
uses an empirical calibration from reflectance across a single
short NIR wavelength range, it is sensitive to illumination condi-
tions and is not easily transferable between camera sensors.
Currently, there is no high spatial and high spectral resolution
method for mapping r. at the local scale.

This gap is addressed here with NIR hyperspectral imaging
(NIR-HSI) using a Resonon Pika NIR-320 compact hyperspectral
imager and rotational stage mounted on a tripod, shown in
Figure 1, to map the NIR spectral reflectance of snow. From the
per pixel spectral reflectance, r. is retrieved by applying the
Nolin-Dozier (N-D) scaled band area inversion technique
(Nolin and Dozier, 2000). To demonstrate this method, we pre-
sent results from three laboratory-prepared snow samples with
varying initial conditions that underwent induced melt and sub-
sequent wet snow metamorphism. In general, when liquid water
is introduced into a snowpack, snow grains begin rapid meta-
morphism and larger snow grains tend to grow at the expense
of smaller grains (Marsh, 1987). By mapping r. before and after
melt, we demonstrate the ability of this technique to map snow
stratigraphy for a wide range of r. values. Further, it is shown
that mapping . can be used to study wet snow metamorphism
processes, filling a gap in current methodologies.

In previous laboratory experiments investigating liquid water
flow through snow and wet snow metamorphism, dye tracers
have been used to visualize water transport (Gerdel, 1954), pref-
erential flow channels (Schneebeli, 1995) and capillary barriers
(Avanzi and others, 2016). With dye tracers, the flow and pooling
of water can be visualized, but quantification of grain growth with
a hand lens or stereology methods is difficult and time consum-
ing. In other laboratory work, X-ray computed microtomography
(micro-CT) has been used to investigate preferential flow (Avanzi
and others, 2017). Although snow grain size and many other
snow properties can be accurately measured with micro-CT, the
spatial resolution is often limited by the sample size limitations
of the instrument.

In the results shown here, we demonstrate that when using the
NIR-HSI method to map r., preferential flow can be visualized,
water pooling at interfaces can be identified, and grain growth
at the laboratory or snow pit scale can be more effectively quan-
tified, all at a higher spatial resolution than these previous
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methods. Additionally, a series of experiments were conducted
to assess the sensitivity of the NIR-HSI method to illumination
angle and general repeatability using homogeneous unperturbed
snow samples. In all experiments, our results are validated by
comparing the r retrieval from the hyperspectral imager to estab-
lished in situ field spectrometer (Painter and others, 2007) and
micro-CT (Flin and others, 2004; Schneebeli and Sokratov,
2004) retrieval methods for quantifying r..

2. Methods
2.1 Instrument

For the NIR-HSI method presented here, a Resonon Inc.
(Bozeman, MT, USA) Pika NIR-320 near-infrared hyperspectral
imager was used. This imager is a compact line-scan imager
(also called a ‘push-broom’ scanner), meaning 2-D images are
constructed by collecting the image line by line while the imager
translates or rotates relative to the sample (https:/resonon.com/).
This instrument covers the spectral range from 900 to 1700 nm
across 164 channels, resulting in a spectral resolution of 4.9 nm,
at 14-bit radiometric resolution. The imager has 320 spatial chan-
nels with a sensor pixel size of 30 um. The operating temperature
of the imager, per its datasheet, is 5-40 °C. Following the experi-
ments at —5°C, it was confirmed by the manufacturer that the
optical alignment had not deteriorated, indicating the initial cali-
bration was not compromised by cold temperatures.

The scanner was mounted onto the Resonon rotational stage
for imaging perpendicular to the snow sample sidewall at a
distance of 100 cm (Fig. 1), resulting in a spatial resolution of
~3mm. Two 500-watt halogen lamps mounted on a tripod
were located perpendicular to the snow sample for equal
illumination of the sidewall. For calibration from digital number
to the bidirectional reflectance factor, a Spectralon 99% diffuse
white reference reflectance panel was placed in the scene of
each hyperspectral image. Using the proprietary Resonon
Spectronon software, snow sample sidewalls were imaged with
an integration time of 8.05ms, frame rate of 124 Hz and a
scanning speed of 7.7 degs™'. Before processing, each image
was cropped such that only the exposed face of the snow sample
was used for the retrieval of r..

2.2 Effective grain radius retrieval

Following N-D, the spectra at each pixel in the hyperspectral
image was inverted for r, using the scaled band area (Ay,), which
is calculated by integrating the continuum-scaled ice absorption
feature centered at A = 1030 nm (Nolin and Dozier, 2000).

A=1087 nm
Reontr — Rinowar
Ay = cont, SNOW,. da, )
Rcont,/\
A=984nm

where Rgy,ow.1 is the measured snow reflectance at wavelength A and
Reon is the continuum reflectance at wavelength A, defined as the
slope between the shoulders of the ice absorption feature, which
represents what the reflectance spectrum would be in the absence
of ice absorption. To help visualize the scaled band area and con-
tinuum reflectance, Figure 2a illustrates them as the shaded gray
area and solid red line, respectively. Here, the end points are the
reflectance values from the Pika NIR-320 bands centered at A =
984nm and A=1087 nm, with the integral taken over the 21
bands between end points. We chose to use 984 nm, which narrows
the range relative to N-D, because it is not impacted by noise at the
lower limit of the Pika NIR-320 hyperspectral sensor (900 nm). By
integrating relative to the continuum reflectance, the grain size
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Fig. 1. Laboratory setup showing a laboratory-prepared snow sample, two halogen lamps, a Resonon Pika NIR-320 hyperspectral imager and a rotational stage
mounted on a tripod inside a cold room. The hyperspectral imager is located 100 cm from the exposed snow sample sidewall.
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Fig. 2. (a) Three snow spectra are plotted from a single pixel located within the boxes of (b). For the solid line spectrum, an example of the scaled band area (A) is
shaded gray, which corresponds to an effective grain radius (r) of 354 um. The continuum reflectance, shown as the red line, is the slope between the shoulders of
the ice absorption feature (1 =984 nm and 2 = 1087 nm). (b) Gray scale near-infrared image of the post-melt fine grain over coarse grains snow sample at 2 =1030
nm taken with the Resonon Pika NIR-320 hyperspectral imager. Each box represents an area with a different re.

estimates are independent of the magnitude of reflectance (Nolin
and Dozier, 2000). This means that r, retrievals should also be rela-
tively insensitive to variability in illumination that can result from
slight deviations of the imager and light source from normal

incidence, relative to the snow sample sidewall and Spectralon

panel, although this was assessed separately (see Section 2.4.2).
Nolin and Dozier (2000) validated their model with a crystal

card, hand lens and stereology measurements, finding that
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retrieved r. matched measurements with a correlation coefficient
of r=0.997. They also assessed the sensitivity of the method to
instrument noise, finding that retrieved r, between 30 and 900
um could vary by *10-50 um. The signal-to-noise ratio (SNR)
used for AVIRIS in the study was 100, whereas the SNR for the
Resonon Pika NIR-320 is 1885. With the better SNR and higher
spectral resolution of the Pika NIR-320, the NIR-HSI method
should be more robust with respect to sensor noise, when com-
pared to the N-D method applied to AVIRIS.

In place of the Discrete Ordinates Radiative Transfer Program,
or DISORT (Stamnes and others, 1988) used by N-D, the theor-
etical snow spectra in this study were modeled with the Snow, Ice,
and Aerosol Radiative Transfer Model, or SNICAR (Flanner and
others, 2007). SNICAR simulates radiative transfer through a
snowpack comprised of spherical grains of ice at a given grain
size and illumination geometry using the updated ice optical
property compilation of Warren and Brandt (2008). Model inputs
include illumination angle, r. (um), snow layer thickness (m),
snow density (kgm™) and when appropriate, concentrations of
light-absorbing particles (ppb). In this case, we simulated snow
directional-hemispherical reflectance for clean snow only, by
running the model iteratively through r. values between 30 and
1500 um. The other forcing inputs were held constant at values
that best represent the bulk characteristics of the snow sample;
300kgm™ snow density, 0° illumination angle (light source
perpendicular to snow surface) and a single optically thick
snow layer. We did not vary the snow layer thickness because
light penetration in the NIR is very shallow (0.5-3cm) and
grain size can be considered mostly homogeneous at this scale
(Warren, 1982; Nolin and Dozier, 2000). We also did not vary
snow density because density has little to no effect on snow
reflectance (Bohren and Beschta, 1979).

To help visualize the NIR hyperspectral image, a grayscale
image at A =1030 nm is shown in Figure 2b. In each pixel, r is
determined through the best match to the theoretical scaled band
area values contained within a lookup table (Supplementary
Material Table S1), populated from modeled snow spectra using
SNICAR. In Figure 2a, three snow spectrums are plotted from sin-
gle pixels located within the boxes in Figure 2b, representing areas
in the image with different .. Smaller grains are highlighted with
the solid line box in an area where there was no water percolation.
Larger grains and ice are highlighted in the dotted line box where
there was water pooling at the capillary barrier then refreezing.
Medium-sized grains are highlighted in the dashed line box
where there was a preferential flow path. For the solid line spectrum
in Figure 2a, an example of the scaled band area (Aj,) is shown,
which corresponded to 7. = 354 um using the lookup table.

2.3 Laboratory experiments

To demonstrate the novelty of the NIR-HSI method presented
here, three laboratory-prepared snow samples with varying
snow stratigraphy were analyzed initially and post-melt in the
Subzero Research Laboratory (SRL) at Montana State
University. The stratigraphy scenarios were homogeneous snow,
a snow sample with an ice lens placed in the middle and a
snow sample with fine grains sieved over coarse grains. In all
cases, snow collected outside was sieved into a polystyrene box
(42.5 cm x 42.5 cm x 38.1 cm) with a removable top and sidewall.
The homogeneous snow sample was prepared by sifting snow
using a 0.68 mm sieve. For the ice lens, snow grains were initially
sifted using a 1.2 mm sieve, followed by fine misting water that
had been chilled to 0°C over the snow sample, such that it
froze on contact creating an ice ‘lens’. Once the ice lens was com-
pletely frozen, the top layer of snow grains was sifted on top of the
ice lens using the same 1.2 mm sieve. For the snow sample with

Christopher Donahue and others

fine grains placed over the top of coarse grains, the coarse grains
at the bottom were sieved with a range of 1.5-5 mm, while the
fine grains on top were sifted using a 1.2 mm sieve.

An initial hyperspectral image of each snow sample sidewall
was taken to map r. prior to melt, under the assumption that
the stratigraphy was approximately uniform throughout the
snow sample. The snow samples were then placed under a metal-
halide lamp that simulates the complete solar spectrum for ~6 h,
while the room temperature was held constant at —5 +1°C. The
homogeneous snow sample was subjected to a simulated solar
irradiance of 800 W m ™2, while the ice lens and fine over coarse
grain samples were subjected to a simulated solar irradiance of
650 W m™2. Once the solar lamp was turned off, the snow samples
were moved to a separate storage chamber within the SRL and
held at —30 °C for rapid refreezing. After 24 h at —30 °C, the side-
wall of the polystyrene box was removed to reveal the snow stra-
tigraphy, like viewing a snow pit wall in the field. Each snow
sample sidewall was serial sectioned using a snow saw at intervals
of 3-5cm, with hyperspectral images taken of the sidewall
between the removal of each section. Each image was processed
using the methodology outlined above in Section 2.2 to map r,
across each image. To illustrate this method, we present one
imaged cross-section for each snow sample, initially and
post-melt.

2.4 Method assessment

2.4.1 Instrument comparison

To assess the validity of the NIR-HSI method, the . retrieval from
the hyperspectral imager was compared to retrieval methods
using a field spectrometer and micro-CT. A homogeneous snow
sample (I mm sieved snow grains) was prepared using the
method described in Section 2.3 and the snow sample sidewall
was measured with each instrument for comparison. The snow
sample sidewall was first imaged with the hyperspectral imager,
resulting in 54 570 spatial pixels, which was inverted to r, using
the method described in Section 2.2.

Next, using the same halogen light source and white reference
panel, sidewall reflectance was measured using an Analytical
Spectral Devices (ASD) FieldSpec 4 High Resolution field spec-
trometer, which has a spectral range of 350-2500 nm, and spectral
bandwidth of 1.1 nm in the NIR. To reduce shadowing, the halo-
gen light source was positioned to the side of the spectrometer
(15° off nadir). The field of view was reduced using an 8° fore
optic, which was held perpendicular to the sidewall at a distance
of ~4 cm from the snow surface, resulting in an approximate spot
size of 5.6 mm. Following a white reference measurement, 30 dis-
crete measurements of snow reflectance were made in a space cov-
ering a grid pattern. Each spectrum was then inverted for r, using
the method described in Section 2.2 but using a separate lookup
table for an illumination angle of 15°.

Last, five snow sub-samples were cut from the snow sample
sidewall for measurement using a SkyScan 1173 micro-CT housed
in a —10°C cold room in the SRL. Samples were measured in a 33
mm diameter x 67 mm long cylindrical tube that allowed for a
voxel size of 19.4 um. Measurements were taken using a 42KkV,
190 mA X-ray beam, 100 ms exposure time, and each sample
was rotated 180° at 0.7° increments. The scanning time of each
sample was ~25 min and all five samples were measured within
3 h of the hyperspectral imager and field spectrometer measure-
ments. Additionally, a 3 x 3 x 3 median filter was applied to the
reconstructed images, thresholding of the grey-scale images into
ice and air phases was performed by visual inspection, and a des-
peckling filter was used to remove both white and black speckles
<25 voxels. The volume and surface area of each snow sample was
measured in 3D based on the marching cubes method (Lorensen
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and Cline, 1987). The total surface area calculated from the pro-
prietary Bruker micro-CT analysis software (CTAn) includes
‘false’ surface area from the volume of interest intersecting snow
grains, which is believed to add a positive bias to the measured
SSA. Conversely, removing the intersection surface area from
the total surface area results in a negative bias to the measured
SSA, whereas the actual SSA resides somewhere in the middle.
Therefore, we report the average SSA value measured by including
intersection surface area and removing intersection surface area to
calculate r, using Eqn (1).

To quantitatively compare r, retrievals between each instru-
ment, the mean, std dev. and distributions of r. were compared
and visualized. Furthermore, each measurement from the
micro-CT and field spectrometer was overlaid onto the r, map pro-
duced by the hyperspectral imager to visualize the spatial variabil-
ity between all retrievals. These results are shown in Section 3.2.

2.4.2 Sensitivity to illumination angle

Because it is an important control on NIR reflectance, the
NIR-HSI method relies on the illumination angle to be correctly
accounted for when generating r. lookup tables. At higher inci-
dence angles, a photon will, on average, undergo its first scattering
event closer to the surface which increases the probability of scat-
tering in an upward direction, exiting the snowpack without being
absorbed (Warren, 1982). Therefore, for the same r,, reflectance
increases with illumination angle, resulting in smaller A, values.
For example, Figure 3 shows the directional-hemispherical reflect-
ance at 0° 30° and 45° illumination angles for an r. of 100 um
modeled using SNICAR. In assessing the sensitivity of the
retrieval of r, to illumination angle, we note that although for
modeling purposes we assume the halogen lights are at 0°, there
are slight variations from this in our experiments. This is due
to two factors, (1) the two halogen lights can be independently
rotated, and (2) the lights must be placed slightly below the scan-
ning stage to not obstruct the field of view of the imager.

The sensitivity of the . retrieval to variation in illumination
angle was assessed by comparing consecutive images of the
same homogeneous snow sample sidewall, prepared following
the procedure in Section 2.2. While the hyperspectral imager
remained stationary and perpendicular to the snow sample side-
wall, the halogen lights were moved from 0° to 45° illumination
angles at increments of 5°. To demonstrate the error that can
result from not specifying the correct illumination angle, each
image was processed using the lookup table for a 0° illumination
angle and compared to additional lookup tables generated with
SNICAR for the corresponding illumination angles.

2.4.3 Repeatability

Multiple images of a homogeneous snow sample were also used to
assess sensitivity to sensor noise and investigate the precision of
the 7. retrieval. To accomplish this, the snow sample sidewall
was imaged five consecutive times over a 3 min time period with-
out any changes made to the experimental setup. To compare the
consistency in r, retrievals, we compare the range of values from
each image using a box plot analysis and assess spatial differences
with pixel by pixel std dev. However, since it was not possible to
exactly align pixels between images, std dev. were calculated over
3.5 cm? subregions of the image. This represents the average std
dev. across ~20 x 20 pixels in the original images.

3. Results and discussion
3.1 Laboratory experiment

In Figures 4af, r. is shown for the three laboratory-prepared
snow samples initially and post-melt. Although the lookup table
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Fig. 3. Directional-hemispherical reflectance at 0°, 30° and 45° illumination angles for
effective grain radius (r.) of 100 um modeled using SNICAR. Scaled band area (A,) of
the ice absorption feature centered at 1030 nm decreases with increasing illumin-
ation angle.

for these measurements is populated for grains with r, ranging
from 30 to 1500 um, to increase contrast and improve visualiza-
tion, the color bar used in Figure 4 ranges from only 30 to
1000 pm. Grains outside the range of the lookup table are white
(r>1500 um) and classified as ice. In Figures 4g-i, the initial
and post-melt 7, distributions are plotted to show the shift in r,
due to grain coarsening during wet snow metamorphism
(Raymond and Tusima, 1979). Interestingly, the r. maps reveal
patterns in the stratigraphy profile, seen best in initial images
Figures 4a-c, which are due to the laboratory sifting process.
This is the first time, of which we are aware, that this pattern
has been captured and shows that although still relatively homo-
geneous at the sample scale, the sifting process itself does intro-
duce spatial variability.

Prior to melt, the homogeneous snow sample mean r, was 149
um (std dev. (o) = 17 um), whereas the post-melt mean 7, was 191
um (o =53 um) (Figs 4a, d). The sample was prepared in a way
that classical grain size would be homogeneous throughout the
sample, and the homogeneity was also present in the mapped
re, with the corresponding distribution being relatively narrow
and unimodal (Fig. 4g). Post-melt, the r. increased and the distri-
bution widened due to grain coarsening and wet snow meta-
morphism. This example demonstrates that this method can be
used to quantify and map the magnitude of grain coarsening post-
melt and visualize preferential flow channels in refrozen snow
(Fig. 4g).

Initial mean r, for the snow sample containing an ice lens was
211 ym (o= 41 pum), and the post-melt mean 7, was 395 um (o=
148 um) (Figs 4b, e). Like the homogeneous sample, the corre-
sponding distribution (Fig. 4h) is unimodal, but with a broader
re range for both the initial and post-melt 7. maps. In the initial
image, it is evident that the shift in the distribution relative to
the homogeneous sample is primarily due to the larger grains
associated with the ice lens. In the post-melt image, r. has gener-
ally increased across the full image, and the r. map shows evi-
dence of preferential flow channels and pooling water at the ice
lens interface.

In the fine over coarse grain snow sample, the initial mean 7,
was 292 um (o =110 um), while the post-melt mean r, was 452
um (o =192 um) (Figs 4c, f). The layer of fine grains over coarse
grains is clearly visualized in the initial and post-melt r. maps,
and corresponding distributions (Fig. 4i), which were bimodal.
In the post-melt image, evidence of water pooling at the interface
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Fig. 4. (a—c) Effective grain radius (ro) map for three laboratory-prepared snow samples; (a) homogeneous, (b) ice lens, (c) fine grains over coarse grains. (d-f)
Post-melt r, map for the three initial snow samples shown in (a-c). (g-i) Distribution of r. for each snow sample initially, and post-melt.

between fine and coarse r., referred to as a capillary barrier
(Waldner and others, 2004), can be seen by the formation of an
ice layer surrounded by larger grains. Capillary barriers in a
snowpack are generally due to infiltrating water in finer grains
having a very high suction, which prevents water from entering
the lower (coarse grain) layer, causing local accumulation of water
at the interface (ponding) and horizontal diversion of water
(Yamaguchi and others, 2010; Avanzi and others, 2016).

As mentioned in Section 2.3, it should be noted that in all the
hyperspectral images presented here, the snow samples had been
refrozen at —30°C, such that there was no liquid water present (i.e.
dry snow) during the data collection. This is important to reiterate
because the presence of liquid water in snow does affect the ice
absorption feature centered at 1030 nm due to the two absorption
features associated with liquid water at 950 and 1150 nm (Nolin
and Dozier, 2000). Furthermore, Green and Dozier (1996)
demonstrated that high amounts of liquid water (25% by volume)
shifted the ice absorption feature to shorter wavelengths and
reduced the depth. However, Nolin and Dozier (2000) reported
that for low amounts of liquid water (3-5% by volume), there
were no effects on the accuracy of the r, retrievals using the scaled
band area (N-D) method.

3.2 Instrument comparison

The retrieved r. from each instrument is shown in a box plot ana-
lysis in Figure 5a. The mean r,, std dev. (c), and number of

samples (1) for the hyperspectral imager, field spectrometer and
micro-CT, respectively, were: r. =151 um, (¢) =20 um, (n) =54
570; re=151um, o=7um, n=30; r.=192+2um, o=12um
and 7 = 5. The mean r, value from the field spectrometer matched
that of the hyperspectral imager, although the median value was
4% higher. Additionally, the full range of spectrometer . values
generally aligned with the interquartile range of the hyperspectral
imager, but the full range was not represented in the distribution.
The retrieved r, from the micro-CT fell within the upper range of
re values from the hyperspectral imager, but the mean r, was
23.9% higher.

The map of r, retrievals from all three instruments is shown in
Figure 5b. Although this snow sample was prepared to be homo-
geneous, the r, map revealed slightly larger grains at the top and
bottom of the snow sample. This spatial variability was not seen
in field spectrometer retrievals; however, it is important to note
that the spot size (~5.6 mm) only spans a few pixels (~3 mm)
and the circles representing these measurements were only
enlarged for better visualization in the figure. The micro-CT r,
measurements, which are shown approximately to scale, were
higher relative to the other methods. The general trend, however,
was captured across the vertical profile, as illustrated in Figure 5b.

It was expected that the r, retrievals between the hyperspectral
imager and field spectrometer would be similar given that the
N-D method was applied to both instruments. This close match
in mean r, values demonstrates that the instrument specifications
of the hyperspectral imager are sufficient to retrieve an accurate r.
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Provided that the field spectrometer has a significantly higher
spectral resolution, broader range and better SNR than the hyper-
spectral imager, this is an encouraging result. The spatial variabil-
ity in r, values between the two instruments (Fig. 5b) is primarily
attributed to the comparison design (i.e. fewer number of spec-
trometer measurements and difference in field of view), but also
demonstrates the value of using a mapping technique for a
more complete characterization of the ., range and spatial vari-
ability, as evidenced in Figure 5 for the hyperspectral imager.

The discrepancy in values between the hyperspectral imager
and micro-CT could be attributed to multiple factors. First,
there is a fundamental difference in measurement methods. The
micro-CT measures the actual snow grain surface area and vol-
ume, which is converted to 7, using the relationship in Eqn (1).
Whereas the hyperspectral imager and field spectrometer are
optically based methods that use a radiative transfer inversion
technique based on snow grains modeled as spheres. It has
been demonstrated that SSA from optical methods could have
uncertainties by not accounting for grain shape (Picard and
others, 2009). Additionally, there are two experimental factors
that could have contributed to the discrepancy in r. values;
(1) the micro-CT measures a volume that extends 33 mm into
the snow sample sidewall, whereas the hyperspectral imager and
field spectrometer measure 7. only at the snow surface, due to
the shallow penetration of light in the NIR wavelengths, and
(2) the five micro-CT scans spanned ~3h post reflectance
measurements, during which some change in the grain morph-
ology may have occurred. These results are similar to reported
values in Gergely and others (2014), where r, values retrieved
from NIR reflectance measurements using the Infrasnow
instrument were within 25% of micro-CT measurements.
Although Nolin and Dozier (2000) report a much better
agreement (r=0.997) between retrieved r, and measured r,, we
cannot compare these micro-CT results to those because they
do not specify which of their measured grain radii are from
stereology versus hand lens.

3.3 Sensitivity to illumination angle

The primary goal of the illumination sensitivity experiment was to
assess how deviations in the light source illumination angle from
nadir (0°) could impact the NIR-HSI method r. retrieval. As
noted in Section 2.4.2, images were progressively collected across
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Fig. 6. Sensitivity of illumination angle to the effective grain radius (r.) retrieval
method. Retrieved mean r, using the lookup table generated for nadir illumination
(6=0°) is plotted as a function of illumination angle as blue squares. The decrease
is relatively proportional to the baseline r, multiplied by the cosine of the illumin-
ation angle (dashed blue line). Mean r, retrievals using a lookup table generated
with the correct illumination angle are plotted as red circles and compared to the
baseline mean r, from nadir illumination (red line).

increasing illumination angles, and 0° was treated as the baseline
against which all other retrievals were compared. The baseline
image mean r, was 120 um (red line in Fig. 6). When the 0°
lookup table was used at all other angles the retrieved r, decreased
relative to the baseline image, from 119 um at 5° to 83 um at 45°,
with the decrease being relatively proportional to the cosine of the
illumination angle (Fig. 6, squares and dashed blue line). For the
re retrievals presented in Section 3.1, we assumed the halogen
light source was at a 0°+ 5° and processed images with a 0° illu-
mination angle lookup table. The deviation of mean 7, values was
<1% between 0° and 5°, indicating that slight deviations from 0°
do not significantly impact the r, retrieval, but that larger devia-
tions would introduce a bias toward smaller r, (Fig. 6).

On the other hand, comparable mean r, values to the baseline
image were retrieved across all illumination angles included in the
experiment when individual lookup tables were generated for each
respective illumination angle tested (Fig. 6, circles). The difference
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Fig. 7. Hyperspectral imager repeatability results to assess sensitivity to sensor noise. (a) Box plot analysis of five consecutively obtained images. (b) Histogram of
the per pixel (3.5 cm? subregion) std dev. of mean effective grain radius (r.) from the snow sample sidewall imaged, (c) map of r. standard deviations across the

snow sample sidewall subregions.

between mean r, at increasing illumination angles, relative to the
baseline image, was 0 um at 5° and then ranged from —8 um at
10° to +4 at 45°. Although the error between these results and
the baseline data are within the repeatability range of this method,
discussed further in Section 3.4, having an off-nadir illumination
angle introduces angular uncertainties into the retrieval.

In the NIR wavelengths, snow reflectance is anisotropic, pref-
erentially scattering light in the forward direction (Warren, 1982).
This can impact the accuracy of retrieving 7. from measured dir-
ectional reflectance (Painter and Dozier, 2004a, 2004b). When the
illumination angle is nadir, however, snow reflectance is essen-
tially Lambertian (Dumont and others, 2010). In our experimen-
tal setup, the uncertainty due to angular effects was minimized by
keeping the view and illumination angles nadir. If both the view
and illumination angles were off-nadir, using a radiative transfer
model that computes angular intensities, like DISORT, would
be recommended.

Lastly, we recognize that the lights used in these experiments
introduce some level of uncertainty, even if minor, because the
illumination may vary slightly between images. The method
could be improved by modifying the light source to minimize slight
variations in illumination angle. For example, lights could be fully
diffused and/or co-aligned with the imager and evenly spaced
around the lens. This would allow the lights to rotate with the
imager, resulting in a better quasi-monostatic measurement.

3.4 Repeatability

The box plot analysis, shown in Figure 7a, shows that the general
distribution of r. values is similar across all five consecutive
images used to test repeatability. The interquartile range for
each image spans ~20-30 um, while the full range is ~110-220
um. The mean r. ranged from 147 to 161 um across the five
images and was 151 um for all images with a std dev. of 5um.
Among all images, image 4 stands out as having a slight shift
to higher values.

To assess the spatial variability across repeated images, the std
dev. of the mean r, was calculated in 3.5 cm? subregions (20 x 20
pixels). The distribution of std dev. is shown in Figure 7b and a
map of std dev. corresponding to the snow sample sidewall is
shown in Figure 7c. The std dev. are randomly distributed across
the image, indicating that the repeatability is most likely due to
sensor noise, which can be approximated as Gaussian (Fig. 7b).
The mean std dev. across subregions was 9 um, which we use as
the repeatability of the instrument. This repeatability is lower
than the error due to sensor noise from AVIRIS bands (+10-50
um) reported by Nolin and Dozier (2000), which can be attribu-
ted to the Resonon imager having more spectral bands across the
ice absorption feature and a higher SNR.

4. Conclusion and future applications

We presented a new high spatial resolution NIR-HSI method to
map r. from spectral reflectance data measured with a Resonon
Pika NIR-320 compact hyperspectral imager. To demonstrate
the effectiveness of the method over a wide range of r,, the
method was applied to laboratory-prepared snow samples that
had undergone wet snow metamorphism induced by a simulated
solar lamp. Our results demonstrate that the NIR-HSI method
can be a valuable tool for (1) quantifying spatial and temporal
variability in 7., (2) measuring change in grain size, (3) investigat-
ing wet snow metamorphism under refrozen conditions and
(4) visualizing liquid water flow in a refrozen snowpack.

Additionally, the NIR-HSI method was compared to r retrie-
vals from a field spectrometer and micro-CT. It was found that
the hyperspectral imager 7. retrieval compared well to the higher
spectral resolution field spectrometer but was better able to capture
spatial variability due to the extensive number of data points
produced from the mapping technique. Although it was found
that micro-CT mean r. values were 23.9% higher than that of
the hyperspectral imager, the vertical profile followed the same
spatial trend seen in the r, map produced by the NIR-HSI method.

This robust high-resolution mapping method fills a gap in cur-
rent r, retrievals. There is increasing commercial availability of
compact hyperspectral imagers, at feasible size and weight for
laboratory and field applications, which will make this method
more accessible. Although outside the scope of this paper, this
method could be extended into the field to map r, in an excavated
snow pit or at the surface when mounted on an unmanned aerial
vehicle. For field applications, careful consideration of illumin-
ation conditions would be important for accurate r, retrievals.
Mapping 7. at the snow surface would require lookup tables to
be generated for the solar zenith angle at the time of measure-
ment. In a snow pit, mapping r. becomes more challenging
because the direct and diffuse light ratio is unknown and would
require some approximations to be made when generating the
lookup table.

Supplementary material. The supplementary material for this article can
be found at https://doi.org/10.1017/jog.2020.68
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Abstract. It is well understood that the distribution and quan-
tity of liquid water in snow is relevant for snow hydrology
and avalanche forecasting, yet detecting and quantifying lig-
uid water in snow remains a challenge from the micro- to the
macro-scale. Using near-infrared (NIR) spectral reflectance
measurements, previous case studies have demonstrated the
capability to retrieve surface liquid water content (LWC) of
wet snow by leveraging shifts in the complex refractive index
between ice and water. However, different models to repre-
sent mixed-phase optical properties have been proposed, in-
cluding (1) internally mixed ice and water spheres, (2) in-
ternally mixed water-coated ice spheres, and (3) externally
mixed interstitial ice and water spheres. Here, from within a
controlled laboratory environment, we determined the opti-
mal mixed-phase optical property model for simulating wet
snow reflectance using a combination of NIR hyperspectral
imaging, radiative transfer simulations (Discrete Ordinate
Radiative Transfer model, DISORT), and an independent di-
electric LWC measurement (SLF Snow Sensor). Maps of
LWC were produced by finding the lowest residual between
measured reflectance and simulated reflectance in spectral
libraries, generated for each model with varying LWC and
grain size, and assessed against the in situ LWC sensor. Our
results show that the externally mixed model performed the
best, retrieving LWC with an uncertainty of ~ 1%, while
the simultaneously retrieved grain size better represented wet
snow relative to the established scaled band area method.
Furthermore, the LWC retrieval method was demonstrated
in the field by imaging a snowpit sidewall during melt condi-

tions and mapping LWC distribution in unprecedented detail,
allowing for visualization of pooling water and flow features.

1 Introduction

The distribution and quantity of liquid water within a snow-
pack, introduced by rain and/or melt, are relevant for multi-
ple snow-related applications including snow hydrology, re-
mote sensing, and avalanche forecasting. In terms of snow
hydrology, water is an indicator of snow energy balance and
snowmelt timing; the change in phase from ice to water in-
dicates that the cold content of the snowpack is depleted and
that energy balance inputs are contributing to melt (DeWalle
and Rango, 2008). Rain on snow can accelerate this process
by contributing large energy inputs into the snowpack over
a short amount of time (Mazurkiewicz et al., 2008). Wa-
ter at the surface will also lower snow albedo, initiating a
positive feedback loop that increases absorbed solar radia-
tion, the main driver of snowmelt (Gupta et al., 2005). For
active and passive microwave remote sensing of snow, the
presence of water alters microwave signatures because of the
large difference in relative permittivity between liquid water
and ice (i.e., dry snow). For active microwave sensors, wet
snow causes characteristic changes in microwave backscatter
and reduces penetration depth (Shi and Dozier, 1992), while
for passive sensors, the emissivity of the snow surface is in-
creased (Walker and Goodison, 1993). For avalanche fore-
casting, the infiltration of liquid water into the snowpack
impacts snow stability (Conway and Raymond, 1993). The
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strength of the snowpack can be increased at lower water
content, where grains form well-bonded clusters, but reduced
at higher water content, when water flow through pore space
deteriorates a significant number of snow grain bonds, result-
ing in relatively cohesionless particles (Colbeck, 1982). Al-
though it is recognized as a critical snow property across the
cryospheric sciences, liquid water content (LWC) measure-
ments in a snowpack are notoriously difficult to accurately
quantify due to the high spatial and temporal variability in
liquid water distribution.

Here, the utility of mapping LWC in situ using near-
infrared hyperspectral imaging (NIR-HSI) and radiative
transfer model inversion is assessed. This approach leverages
the segments of the near-infrared (NIR) spectrum where the
optical properties of liquid water, hereafter referred to as wa-
ter, vary from those of ice. To date, wet snow has been mod-
eled using effective spheres with a known radius, referred to
as the effective grain radius (re), where the optical properties
of ice and water are mixed either internally or externally. In
wet snow, the arrangement of water relative to ice particles
and pore space varies based on the level of saturation, which
may be relevant for radiative transfer modeling. For example,
water saturation below 7 % (pendular regime), when water is
contained in menisci held in between the ice particles (Col-
beck, 1979), might be best represented using an internally
mixed particle model where an ice sphere is coated in wa-
ter. On the other hand, water saturation above 7 % (funicular
regime), when ice particles become surrounded by water as
it fills the pore space, might be best represented as an inter-
nally mixed-phase sphere or externally mixed interstitial ice
and water spheres.

Although different mixing model representations have
been proposed and demonstrated (Green et al., 2002; Hyvari-
nen and Lammasniemi, 1987), no study has quantitatively
compared the different approaches or compared LWC re-
trievals to established LWC measurement methods. Without
intercomparing or validation, the best approach for retriev-
ing LWC from NIR spectral reflectance has yet to be deter-
mined. Additionally, radiative transfer approaches to retriev-
ing r¢ are based on the optical properties of ice and implicitly
assume dry snow, and such retrievals have not been assessed
for wet snow. The main objectives of this study are threefold:
(1) intercompare three wet snow reflectance models against
measured LWC from a dielectric measurement instrument in
a controlled laboratory environment, (2) simultaneously as-
sess effective grain size retrieval methods and their suitability
for use with wet snow, and (3) demonstrate the capability of
a compact NIR hyperspectral imager to simultaneously map
LWC and snow grain size at the laboratory and field scales.

The Cryosphere, 16, 43-59, 2022

2 Background
2.1 Liquid water in snow

Water infiltration through snow is a spatially and temporally
complex process, controlled by water saturation level, snow
microstructure, and topography. Generally, water infiltration
is described by two primary mechanisms: homogenous ma-
trix flow and heterogeneous preferential flow. Matrix flow
is described as the semi-uniform vertical movement of wa-
ter, while preferential flow is made up of concentrated wa-
ter pathways that follow the path of least resistance that can
extend deep into the snowpack, ahead of the matrix flow
(Schneebeli, 1995). Although gravitational forces primarily
drive vertical movement of water in snow, large amounts of
water can be diverted horizontally due to stratigraphic layers
in the snowpack, such as ice crusts or capillary barriers (i.e.,
fine grains over coarse grains) (Waldner et al., 2004; Webb et
al., 2021; Eiriksson et al., 2013). As the snowpack becomes
less stratified throughout the melt season, the general pat-
tern transforms from preferential flow to homogenous flow
(Webb et al., 2018).

2.2 Measurement of liquid water in snow

The complexity of water movement through snow makes
observations and measurements challenging. Early observa-
tions of water flow patterns through snow were made using
dye tracers (Seligman et al., 1936; Gerdel, 1954), a method
which is still used today. Dye tracers provide a spatial vi-
sualization of water infiltration that has been used to study
processes such as preferential flow (Schneebeli, 1995; Wald-
ner et al., 2004) and capillary barriers (Avanzi et al., 2016).
While these methods remain primarily a qualitative visual-
ization technique, Williams et al. (2010) quantified the three-
dimensional (3D) spatial distribution of meltwater within a
1 m? snowpack using dye tracers and serial-section imaging.
The 3D data were binarized into dry and wet categories to
quantify flow features at the centimeter scale, but LWC is
not obtainable using this method.

In situ measurements of LWC in snow have traditionally
been measured by centrifugal separation (Kuroda and Hu-
rukawa, 1954), melting calorimetry (Yosida, 1940), freez-
ing calorimetry (Jones et al., 1983), and the dilution method
(Davis et al., 1993). A more detailed summary of these meth-
ods can be found in Stein et al. (1997). Generally, these
methods are difficult to perform and time-consuming and
have only been occasionally used since their introduction.
More commonly, LWC is measured using dielectric meth-
ods at frequencies ranging from 1 MHz to 1 GHz by lever-
aging the large differences in the relative permittivity (e;)
between water (g, &~ 88), ice (& ~ 3.15), and air (g, & 1)
(Tiuri et al., 1984). This is done by time domain reflectom-
etry (TDR) or with capacitance sensors which measure the
relative permittivity of snow (Lundberg, 1997; Denoth et al.,
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1984). Although the measured relative permittivity is primar-
ily a function of LWC, snow density also has some influence.
Therefore, dielectric methods also require a separate den-
sity measurement. Examples of currently available dielec-
tric instruments include the snow fork (Sihvola and Tiuri,
1986); Denoth meter (Denoth, 1994); A2 Photonic WISe
sensor (A2 Photonic Sensors, 2019); and the SLF Snow Sen-
sor (FPGA Company, 2018), which was used in this study.
Although these instruments make measurements quicker rel-
ative to traditional methods, they often require destructive
sampling and only provide a discrete volume-averaged point
measurement. Therefore, there is currently no in situ method
to effectively quantify spatial variability in LWC at a high
(sub-centimeter) spatial resolution, which could be used, for
example, to validate process-based modeling of wet snow
(Hirashima et al., 2019) or initialization and validation of mi-
crowave radiative transfer models (e.g., Wiesmann and Mit-
zler, 1999; Picard et al., 2013).

Previous non-destructive measurements of LWC in snow
have been made using remote sensing techniques. Like di-
electric sensors, active and passive microwave sensors lever-
age the difference in relative permittivity between water, ice,
and air. At the ground-based scale, upward-looking ground-
penetrating radar (upGPR) has been used to measure the vol-
umetric LWC directly above antennas buried below a snow-
pack (Schmid et al., 2014). At the spaceborne scale, active
and passive microwave sensors have been used to make clas-
sification maps of wet or dry snow at spatial resolutions on
the order of tens of meters (e.g., Lund et al., 2020; Walker
and Goodison, 1993). Similarly, in the optical wavelengths,
the shift in absorption patterns of ice and water across the
NIR have been leveraged to map surface LWC (Green et al.,
2002), which is the primary method of interest in this work.

2.3 Modeling wet snow near-infrared reflectance

Absorption in the optical wavelengths is described by the
imaginary part of the complex refractive index. Although
the absorption patterns across the NIR are similar between
ice and water, there are shifts that distinguish the different
phases. The spectral complex refractive index for ice (War-
ren and Brandt, 2008) and water at 0 °C (Rowe et al., 2020)
across NIR wavelengths is shown in Fig. 1. Compared to
the difference in the relative dielectric properties across the
radio and microwave wavelengths, the shifts in the imagi-
nary part of the complex refractive index are relatively minor
and therefore require measured reflectance at multiple wave-
lengths and radiative transfer modeling to detect. Addition-
ally, the penetration of light in the NIR wavelengths is rela-
tively shallow, limiting detection of water to the snow surface
(~ 2 cm). This has limited the use of optical methods to de-
tecting surface water using either in situ spectrometer mea-
surements or airborne imaging spectrometer measurements
(Green et al., 2002; Hyvarinen and Lammasniemi, 1987).
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Figure 1. Complex refractive index of ice and liquid water at 0 °C
across the near-infrared region ranging from 900-1700 nm, which
is the same range measured by the Resonon Pika NIR-320 hyper-
spectral imager.

Inversion of radiative transfer models is commonly used in
remote sensing applications to retrieve physical snow proper-
ties from measured spectra, and many modeling approaches
have been proposed. Hyvarinen and Lammasniemi (1987)
modeled the reflectance of wet snow using a collection of
spheres with radius . to simultaneously estimate LWC and
grain size. To describe the optical properties of the effective
spheres, an effective complex refractive index (kegr) was cal-
culated by volume-mixing the complex refractive index of
ice and water. Using a forward-modeling approach, LWC and
re were retrieved using only three bands (1030, 1260, and
1370 nm), which were assessed using a dilatometer in a lab-
oratory. Alternatively, Green et al. (2002) modeled wet snow
using two approaches: (1) as a collection of water-coated
ice spheres and (2) water spheres interspersed in the intersti-
tial space within an ice-sphere matrix. LWC and r, were re-
trieved by matching the simulated spectra to measured spec-
tra by finding the lowest residual. By visual inspection, Green
et al. (2002) concluded that wet snow is best modeled as
water-coated ice spheres, though no quantitative retrieval as-
sessment was performed. More recently, a three-band ratio
method to classify wet or dry snow was proposed by Shekhar
et al. (2019), based on a correlation between field spectrom-
eter measurements and snow fork LWC measurements, al-
though snow grain size was not considered.

To date, three radiative transfer approaches for simulating
the reflectance of wet snow have been proposed: (1) mixed-
phase spheres, hereafter referred to as “kesr spheres”;
(2) water-coated ice spheres, hereafter referred to as “coated
spheres”; and (3) externally mixed interstitial ice and wa-
ter spheres, hereafter referred to as “interstitial spheres”.
A schematic of each model is presented in Fig. 2. The
kefr sphere and coated sphere models are referred to as in-
ternally mixed particles because the optical properties are
mixed inside of a single particle having a single r.. The in-
terstitial sphere model is referred to as an external mixture

The Cryosphere, 16, 43-59, 2022
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Figure 2. A schematic of three ice and water optical mixing models
used to simulate the reflectance of wet snow.

because the components are assumed to be physically sepa-
rate from one another.

3 Methodology

Three optical property mixing models were used to simu-
late the bidirectional reflectance of wet snow across a range
of r. and LWC using radiative transfer modeling. To deter-
mine the optimal mixing model for retrieving LWC from NIR
reflectance, snow samples were prepared in a controlled lab-
oratory environment with varying grain type, grain size, and
density and then subjected to warm air advection to induce
melt. During melt, time series NIR-HSI measurements were
taken, and LWC was retrieved in each pixel by best matching
the measured spectra to the simulated spectra from each of
the three models. For comparison to the NIR-HSI LWC re-
trievals, time series LWC measurements were taken with the
SLF Snow Sensor, a dielectric measurement instrument, and
compared to the average LWC from pixels covering the same
measurement area as the SLF Snow Sensor such that the
two measurements would be comparable on the same spatial
scale. Time series measurements of r. were retrieved simul-
taneously with LWC and were compared against the estab-
lished scaled band area method of Nolin and Dozier (2000),
which has been previously applied to the same compact hy-
perspectral imager used in this study to map the r. of dry
snow (Donahue et al., 2021). Lastly, retrievals were demon-
strated in the field across an image of a snowpit wall, visu-
alizing water infiltration and quantifying vertical LWC and
re distributions. The modeling and in situ measurements are
described in more detail in Sect. 3.1-3.3, and the retrieval
and assessment workflow is represented in Fig. 3.

3.1 Instruments
3.1.1 Near-infrared hyperspectral imager

Snow reflectance in the NIR was mapped with a Resonon
Inc. Pika NIR-320 near-infrared hyperspectral imager. A
brief description of the instrument follows (for a more de-
tailed description see Donahue et al., 2021). The imager has
a spectral resolution of 4.9 nm, measuring 164 bands across
the NIR region from 900-1700 nm. The imager constructs a
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2D image containing the full spectrum in each pixel by col-
lecting the image line by line, known commonly as a “push
broom” or “line”” scanner. Thus, to collect an image, the cam-
era needs to be moving (translating or rotating) relative to the
scene, or the scene needs to be moving relative to the imager.
Here, both types of image acquisition techniques are used.
In the laboratory, a linear scanning stage was used to move
the sample beneath the sensor, while in the field, a rotational
stage mounted on top of a tripod was used to scan the snowpit
wall.

3.1.2 SLF Snow Sensor

The SLF Snow Sensor (FPGA Company, 2018), hereafter re-
ferred to as the “SLF sensor”, is a capacitance sensor that is
placed on the snow surface to measure the relative permit-
tivity. This is used to determine snow density and LWC in
dry snow and wet snow conditions, respectively. The factory
calibration for the LWC measurement is based on an empir-
ical equation derived from reference measurements of snow
with varying wetness and density using the dilution method
(Davis et al., 1985) and weighted volumes. The sensor mea-
sures a snow surface area of 45 x 95 mm, and the penetra-
tion of the electric field into the snow is ~ 17 mm. The SLF
sensor produces a spatially comparable measurement to the
retrieved LWC from the NIR-HSI method presented here be-
cause the penetration of NIR light into snow is similarly shal-
low. Additionally, time series LWC measurements over the
same surface area can be made because the sensor is non-
destructive to the snow surface.

3.2 Experimental setup
3.2.1 Laboratory

The hyperspectral imager was mounted onto the Resonon
benchtop linear scanning stage, which positions the imager
on a stationary tower above a linear translating stage where
samples are placed (shown in Fig. 4a). The lens of the imager
is surrounded by four halogen lamps, and both are positioned
for nadir viewing and illumination. The halogen lamps and
lens of the imager were at a height of 38 and 47 cm above
the snow surface, respectively. This quasi-monostatic config-
uration results in a bidirectional reflectance measurement in
each pixel of the image when calibrated using a white refer-
ence panel. A large Spectralon ® 99 % reflectance panel was
placed at the same height as the surface of the snow samples
and filled the imager’s entire field of view, such that each
snow sample was calibrated from radiance to reflectance on
a pixel-by-pixel basis. This method of calibration is ideal for
hyperspectral imaging because it minimizes effects to illumi-
nation imperfections across the scene.

Snow samples were prepared in the laboratory using
laboratory-made and collected natural snow to generate a
dataset with a range of grain types including precipitation
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Figure 3. Liquid water content and effective grain radius retrieval and assessment workflow.

particles (PP), decomposing and fragmented precipitation
particles (DF), rounded grains (RG), melt forms (MF), and
faceted crystals (FC) (Fierz et al., 2009). The dry snow
density, measured by weighing the sample container with a
known volume and using the SLF sensor, ranged between
115 and 510 kg m—>. Detailed properties for each snow sam-
ple are given in Table 1. Snow samples were made by sieving
snow into a rectangular wooden sample container having di-
mensions of 17.1cm x 12.4cm x 8.5cm (H x W x D). The
wooden sample container was subdivided into three regions
of interest (ROIs), each having dimensions slightly larger
than the SLF sensor, such that LWC measurements would
not be impacted by edge effects from the sample container.
The surface of each snow sample was scraped with a crystal
card to create a flat surface level with the top of the sam-
ple container and to minimize surface roughness. Snow sam-
ples were then kept in a cold room at —10°C for 24h to
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equilibrate and ensure the sample was completely dry (i.e.,
LWC=0%).

For each snow sample, an initial image was taken while the
cold room was at —10°C to obtain the dry snow condition.
The dry snow surface density in each ROI was measured us-
ing the SLF sensor and used as the input dry snow density to
the SLF sensor for the subsequent LWC measurements. Fol-
lowing dry snow measurements, the cold room was turned
off, and the door was opened to ambient air, gradually in-
creasing the air temperature in the cold room to room tem-
perature (20 °C). The NIR-HSI images were taken every 1—
3 min during the warming process, and SLF sensor measure-
ments, in each ROI, were taken in between images. For com-
parison between the two instruments, the mean LWC was
calculated over the 10717 pixels within each ROI, resulting
in a 0.4 mm? resolution, and was compared against the corre-
sponding SLF sensor measurements at each time step, creat-
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Table 1. Laboratory snow samples (reported r¢ is from scaled band area method).

Sample  Description Sieve  Initial Dry Warming
number size e density time

(mm)  (um)  (kgm~3) (min)
1 PP, snowmaker snow 2 113 115 111
2 DF, snowmaker snow 2 130 212 161
3 RG, natural snow 2 176 455 118
4 ME, natural snow 5 398 440 103
5 FC, natural snow 2.5 463 493 86
6 MEF, Sample 4 melt/refreeze 1x n/a 699 468 99
7 MEF, Sample 4 melt/refreeze 2 x n/a 898 510 208

n/a stands for not applicable.

(a) Hyperspectral Imaging Benchtop System  (b) Snow Sample Top View

Imager SLF

Snow Sensor

Halogen
Lamps I I

>

Snow Sample
Side View

¢85 mmy
<€

den Sample C¢

Linear Translation Stage

Figure 4. Schematic of laboratory setup. (a) Front view of the
Resonon hyperspectral imaging benchtop system and wooden snow
sample container. (b) Top view of the snow sample container show-
ing the three regions of interest (ROIs) measured by the SLF Snow
Sensor, which is shown inside of ROI no. 1.

ing a densely populated comparison dataset spanning a wide
range of LWC.

3.2.2 Field

To demonstrate the applicability of the NIR-HSI method for
retrieving LWC and r¢ in the field, natural snow was imaged
across the vertical wall of a snowpit. The snowpit was exca-
vated to the ground within a protected study plot adjacent to
the Alpine Weather Station, at Bridger Bowl Ski Area (Boze-
man, MT; 45.82902° N, —110.92227° W), on 3 April 2021.
The total snow depth was 150 cm, the snowpit wall was
143 cm wide, and there was approximately 2 m of working
room behind the snowpit wall. The day was selected because
the 2d preceding were sunny, and diurnal temperatures did
not drop below freezing, making the likelihood of imaging
wet snow high. Before imaging, standard snowpit observa-
tions were collected including a temperature profile, snow
density profile using a 1000 cm® wedge cutter, and stratigra-
phy with grain types.
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The imager was mounted onto the Resonon outdoor field
system, which includes a tripod-mounted rotational stage,
and was placed 110cm from the snowpit wall. The snow-
pit wall was illuminated with two 500 W halogen lamps
mounted on a tripod, line-powered (120 V AC) through the
weather station. The lights were placed perpendicular to the
wall at a distance of 90 cm, similar to the laboratory setup
presented in Donahue et al. (2021). For controlled lighting
conditions, sun light (direct and diffuse) was blocked by
placing an opaque tarp over the top of the snowpit. A de-
tailed schematic of the field setup is shown in Fig. 5. For
a pixel-by-pixel calibration of the NIR-HSI measurements
from radiance to reflectance, a 36 % spectrally flat reflectance
calibration tarp was hung in front of the snowpit wall, com-
pletely covering the field of view of the imager and ROI of
the snowpit.

Images of the wall were taken at 13:00 MST, at which time
there were few clouds, and the air temperature was 10°C.
Prior to imaging the snowpit sidewall, the entire face of the
snowpit was cut back ~ 10 cm to minimize impacts from ex-
posure to ambient air temperature. The entire vertical profile
of the snowpit was not captured in a single image; therefore
two images were taken and stitched together capturing only
the upper 110cm of the snowpit at a 6.5 mm? pixel reso-
lution. The bottom 40 cm of the snowpit was not captured
because perpendicular illumination conditions could not be
achieved with the minimum height of the lighting and im-
ager tripods used.

Immediately following imaging, LWC measurements
were made with the SLF sensor along a vertical profile at
5 cm increments. For optimal LWC measurements, the SLF
sensor requires the dry snow density; however, the snow was
already wet, and therefore the dry snow density could not be
obtained. Instead, the density of the snow from the adjacent
density cut measurement was used, which introduced a small
error in the LWC measurement. Following the methodology
proposed by FPGA Company (2018), this error was corrected
by subtracting the mass of water from the wet snow density
based upon the initial LWC. The updated density was used
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Figure 5. Schematic of the near-infrared hyperspectral imaging
setup in the field for measurement of liquid water content across
a snowpit wall. The area at the bottom 40 cm of the snowpit was not
imaged and is shown with hatched lines.

to calculate an updated LWC using the empirical calibration
equation. This calculation was repeated, with each iteration
returning a smaller change in snow density. Through multi-
ple iterations it converges on the dry snow density and cor-
rected LWC.

3.3 Radiative transfer modeling
3.3.1 Single scattering

To simulate the optical properties of snow, the single-
scattering optical properties of constituents (ice, air, water,
and impurities) as well as their relative arrangement to one
another must be represented. The scattering properties of a
single particle are described using three dimensionless opti-
cal parameters: (1) the absorption efficiency Qqps, (2) scat-
tering efficiency Qgca, and (3) asymmetry factor g (Bohren
and Huffman, 2008). Dry snow particles are often assumed
to scatter as a collection of ice spheres with radius 7. (e.g.,
Nolin and Dozier, 2000). With a known r. and complex re-
fractive index, Mie scattering theory (Bohren and Huffman,
2008) can be used to calculate the three dimensionless opti-
cal parameters. For clean dry snow, this modeling approach
is straightforward because only the complex refractive index
of ice is needed. For wet snow, on the other hand, the com-
plex refractive index of ice and water is volume-mixed, and
there are multiple approaches that can be used to define the
arrangement of ice and water relative to each other. The three
previously proposed mixing models used in this comparison,
defined in Sect. 2, are described here.

First, the kerr sphere model uses a collection of spheres
with re and kefr, which was determined using volume-
weighted portions of the complex refractive index of
ice (kice) and water (kwater)-
kegt = (1 — %BLWC) - kice + %LWC - kyater (D
Second, the coated sphere model used the Miecoated scatter-
ing code of Mitzler (2002). The radius of the ice core (rj)
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Lastly, the interstitial sphere model calculates the single-
scattering optical properties (i.e., Qabs, Osca, and g) of pure
ice spheres and water spheres separately, each having the
same r.. Then, the optical properties were mixed using a
volume-weighted average. This method is similar to the
kegr sphere model; however, the differences are a result of the
non-linearity of Mie scattering theory (Lesins et al., 2002).
At shorter wavelengths, the differences in reflectance are
small, but at larger wavelengths a notable divergence occurs
(shown in Fig. 6).

For each model clean snow is assumed, and the effects
of light-absorbing particles (LAPs, i.e., dust and soot) are
not considered (discussed further in Sect. 5.3.1). The single-
scattering optical properties were calculated for r. values
ranging from 30-1500 pm in 10 pm intervals and 0 % to 25 %
LWC in 1 % intervals, resulting in 3848 simulated combina-
tions per model. Single-scattering optical properties for each
case were then used as inputs to solve for snow reflectance,
the result of multiple-scattering events.

3.3.2 Multiple scattering

To generate a spectral library to match to measured spectra,
directional-hemispherical reflectance for each mixing model

The Cryosphere, 16, 43-59, 2022



50 C. Donahue et al.: Mapping liquid water content in snow at the millimeter scale

was simulated using a general-purpose 16-stream plane-
parallel Discrete Ordinate Radiative Transfer model (DIS-
ORT; Stamnes et al., 1988). DISORT allows the user to de-
fine optical properties of multiple layers; here, a single op-
tically thick layer was used since the penetration of NIR
light into the snowpack is shallow. Optical property inputs
for this layer included single-scattering albedo, defined as
the ratio of the scattering efficiency and extinction efficiency
(ﬁ), and g, which were computed from Mie scatter-
ing theory. Incoming light can be modeled at multiple user-
defined zenith angles; here, the zenith angle was set to 0° to
represent nadir lighting.

The output from DISORT was directional-hemispherical
reflectance, whereas NIR-HSI measurements are bidirec-
tional reflectance. This is a suitable approach because of the
experimental setup: the NIR-HSI measurements were made
at nadir illumination and viewing angles and calibrated us-
ing a Lambertian white reference target. Under these con-
ditions, snow is nearly Lambertian, allowing for a direction
comparison, which would not be the case for non-nadir view-
ing angles, given that snow heavily favors forward scattering
(Dumont et al., 2010).

3.3.3 Retrieving snow properties

To simultaneously retrieve LWC and r., measured spec-
tra in each pixel of the NIR-HSI image were compared to
each spectrum in the spectral library to determine the best
match by finding the minimum least square residual across
106 bands, ranging from 961 to 1472nm. Hereafter, this
method for matching measured and simulated spectra is re-
ferred to as the “residual method”. Examples of (1) measured
spectrum from NIR-HSI, (2) retrieved simulated spectra us-
ing the interstitial sphere model, and (3) residuals across each
band are shown in Fig. 7. Once the measured spectrum is
best matched to a simulated spectrum, the associated r. and
LWC are assigned to the pixel, producing separate maps of .
and LWC for the imaged area. To reduce impact from sen-
sor noise at the lower limit of the sensor (900 nm), 961 nm
was chosen as the starting point for calculating the residuals
while still capturing ample spectral data for the left side of
the absorption feature centered at 1030 nm (Fig. 7). At longer
wavelengths, 1472 nm was chosen as the endpoint for calcu-
lating residuals because both ice and water are highly ab-
sorptive beyond this point, resulting in a low signal-to-noise
ratio.

Additionally, r. was mapped at each time step using the
scaled band area method following Donahue et al. (2021).
Briefly, the scaled band area is the area underneath a contin-
uum line spanning an absorption feature and is a shape-based
method that is independent of absolute reflectance. Here, the
scaled band area was calculated for measured spectra using a
predefined start and end point for the continuum line across
the absorption feature centered at 1030 nm. The pixel-by-
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Figure 7. Example of a measured NIR-HSI spectrum, retrieved sim-
ulated spectrum using the interstitial sphere model, and the residuals
at each band.

pixel calibration performed here reduced noise at the lower
limit of the sensor compared to Donahue et al. (2021), al-
lowing for the defined continuum endpoints to be similar to
bands suggested by Nolin and Dozier (2000) (i.e., 961 and
1087 nm). A lookup table was populated with “dry snow”
(all ice, no water) scaled band areas for simulated r rang-
ing from 30-1500 um. We note that we used the simulated
spectra from the interstitial sphere model but that the dry
snow representations for all mixing models were identical,
with variation in spectra introduced only when water was
represented. This allowed us to (1) define the starting r, for
each of the prepared laboratory samples (Table 1), (2) com-
pare r. retrieved from scaled band area to that from the resid-
ual method, and (3) assess the suitability of the scaled band
area method for grain size retrievals over wet snow.

4 Results
4.1 Laboratory experiments
4.1.1 Liquid water content retrieval

The LWC retrieved from NIR-HSI was compared to the SLF
sensor across seven samples, spanning a wide range of ini-
tial dry snow grain sizes from approximately 100 to 900 um,
measured using the established scaled band area method.
LWC measured with the SLF sensor ranged from 0 % to 17 %
across 21 ROIs and 40 time steps, producing 690 data points
for comparison. It was found that the interstitial sphere model
consistently performed the best, whereas the coated sphere
model performed the most poorly, relative to the in situ SLF
sensor measurements.

An example of the LWC maps produced as melt pro-
gressed in a single snow sample is presented in Fig. 8. These
examples are of the same ROI and show LWC retrieved using
the interstitial sphere model. The initial image (Fig. 8a) was
taken at the start of the experiment, when the snow was dry,
and 98 % of pixels (10450 pixels) retrieved 0 % LWC. The
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Figure 8. (a-d) Time series liquid water content mapping over a
single region of interest during a laboratory experiment. (e) Liquid
water content distribution in images (a—d) shown in a histogram.

other 2 % of pixels (267 pixels) retrieved 1 % LWC, which
was found to be due to sensor noise. The remaining images
in Fig. 8 capture melt progressing through 5% (Fig. 8b),
10 % (Fig. 8c), and 16 % (Fig. 8d) mean LWC, and the cor-
responding SLF sensor measurement is noted in each panel.
Additionally, the distribution of values also broadens with
increasing LWC, shown in the per-pixel distribution of LWC
for each image in Fig. 8e. The summary statistics show melt
progression, as expected, but the maps allow visualization
and quantification of melt initiation and LWC distribution.
The melt features that begin to develop in early time steps
can be tracked to later time steps (e.g., Fig. 8c to d).

The full performance comparison across all datasets is
summarized in Fig. 9, which plots LWC from the SLF sensor

https://doi.org/10.5194/tc-16-43-2022

against that from each mixing model applied across all sam-
ples. To help visualize the difference between experiments,
the comparison points are symbolized by different colors
as well as marker size that varies with the mean initial dry
snow re retrieved using the scaled band area method. Close
proximity to the 1 : 1 line would indicate the best match be-
tween NIR-HSI and the SLF sensor. The root mean square
error (RMSE) and bias for each sample are summarized in
Table 2.

For the two samples with the smallest initial r. (113 and
130 um), precipitation particles and decomposed and frag-
mented particles, it was found that the LWC retrieval method
did not perform well using any of the mixing models, with
the highest RMSE and bias (Table 2). The retrieval is near
0% LWC in dry snow conditions; however the LWC re-
trievals increase rapidly as small amounts of water are in-
troduced. In the coated sphere model, the retrievals reach the
LWC limit of the spectral library (25 %) when the measured
LWC from the SLF sensor was ~ 10 % (Fig. 9b). For keg and
interstitial spheres, there is a similar pattern of LWC increas-
ing too fast, although these models do not reach the upper
limit of the spectral library. Because none of the models eval-
uated performed well for small grain sizes, these two samples
(113 and 130 um) were excluded from the calculation of the
best fit line (red line in Fig. 9). This result is discussed further
in Sect. 5; however, the exclusion of these data is reasonable
because water is not commonly mixed with these types of
particles (new snow) in natural environments and therefore
not a primary focus for wet snow mapping applications.

For the remaining samples, ranging from 176—898 um, the
mixing models retrieve LWC values that more closely match
the SLF sensor measurements. Visually, both kef and inter-
stitial spheres fall close to the 1: 1 line. The ket spheres do
have the lowest RMSE and bias for the smallest grains (Sam-
ples 1-3), but for the remaining samples containing medium-
to large-sized grains, the retrieved LWC consistently has a
negative bias, and the RMSE is ~ 2 %. Overall, the intersti-
tial sphere model has the lowest RMSE (~ 1 %) and bias,
which does not trend with grain size, with the best compari-
son for Samples 4-7 and similar values to k. for Sample 3.
The uncertainty in the interstitial sphere model was deter-
mined by taking the mean RMSE across Samples 3—7, which
is 1.4 %. This is supported by the dry snow retrieval shown
in Fig. 8a, where no pixels retrieved greater than 1 % LWC.
The coated sphere model performed most poorly relative to
measurements with a high RMSE and consistently had a pos-
itive bias across all samples, although like the other mixing
models, the values do fall close to the 1 : 1 line at low LWC
(<7 %). Overall, these experiments and model comparisons
show that the interstitial sphere model performed exception-
ally well for medium to large grains, and LWC ranges be-
tween 0 % and 15 %, which are the conditions most likely to
be found in natural snow covers.
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Figure 9. Comparison of LWC measured with the SLF Snow Sensor versus the mean LWC retrieved from NIR-HSI using the residual
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Table 2. Liquid water content retrieval results from the laboratory (reported re is from scaled band area method). Bold values indicate the

lowest RMSE and bias for a given sample.

RMSE (% LWC) Bias (% LWC)
Sample n  Initial % LWC keff Coated  Interstitial ketf  Coated Interstitial
number re (Um) range spheres  spheres spheres spheres  spheres spheres
1 66 113 0-14.6 8.7 11.9 9.4 7.5 10.5 8.0
2 102 130 0-15.9 7.7 11.5 8.6 7.1 10.8 79
3 78 176 0-17.2 2.0 7.0 2.6 1.0 5.8 1.6
4 123 398 0-13.4 1.8 4.0 0.9 —1.5 32 -0.5
5 132 463 0-15.2 1.9 4.7 1.1 -1.5 4.0 -0.3
6 102 699 0-8.8 1.6 2.8 1.0 —-1.2 23 0.3
7 90 898 0-10.4 22 33 14 —1.6 23 -0.1

4.1.2 Effective grain radius retrieval

Using the residual method, all mixing models retrieved sim-
ilar grain size values because the grain size retrievals are
primarily dependent on the absolute reflectance driven by
ice absorption. Here, we present results from the intersti-
tial sphere model because it performed best in the LWC re-
trieval. For initial dry snow conditions, the r. retrieval using
the scaled band area method (e spa) had a positive bias rela-
tive to the residual method (7 residual), and the bias becomes
more positive with increasing grain size (Fig. 10). For the re-
maining wet snow comparisons, the re sga remains relatively
constant or increases at low LWC followed by a decrease at
high LWC. For Samples 1 and 2, r. spa remained flat with
increasing LWC. For Samples 36, r¢ spa increased initially
with low LWC and then decreases at high LWC. For Sam-
ple 7, re sBa slightly increases before significantly decreas-
ing with increasing LWC. In comparison, the re residual in-
creases with increasing LWC for all samples, which is ex-
pected because the presence of water is known to acceler-
ate snow grain growth (Marsh, 1987). The comparison, fur-
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ther discussed in Sect. 5.2, shows that the scaled band area
method is impacted by the presence of water, such that the
residual method may be better suited for wet snow.

4.2 Field experiment

Although a controlled laboratory environment is ideal for
identifying the best-suited optical mixing model, the primary
applications for this method would be in situ field studies,
motivating the field-based testing of the r. and LWC re-
trieval. The maps of r. and LWC generally reflect the profile
measurements of LWC and stratigraphy, though at signifi-
cantly higher detail (Fig. 11). The snowpit was representative
of a spring intermountain snowpack undergoing melt, with
the density values ranging from ~ 300 to ~ 450 kgm~3 and
LWC measurements ranging from ~ 6 %—16 %. The temper-
ature profile, not shown, was isothermal at 0 °C. The general
stratigraphy was ice lenses and melt form grains in the up-
per layers, rounded grains in the central portion, and faceted
grains (depth hoar) near the ground. Note that the full pit
profile is shown for observations (Fig. 11a and d), while the
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Figure 10. Mean effective grain radius (re) retrieval comparison
between residual and scaled band area methods using the interstitial
sphere model at each time step for Samples 1-7. Best fit line is
drawn through the dry snow condition for each sample.

re and LWC retrievals extend across only the upper 110 cm
(Fig. 11b and c).

The maps were processed using each of the mixing models
introduced above, but based on the laboratory findings, only
retrievals from the interstitial sphere model are presented
here. The SLF sensor measurements were taken along the
left side of the ruler (gray stripe or NaNs down the center of
snowpit), represented as the dashed red box in Fig. 11c. For
comparison, LWC was depth-averaged in pixels covering the
area of the SLF sensor measurements (red line in Fig. 11d)
in addition to the depth average LWC across the entire width
of the snowpit (gray line in Fig. 11d). The mean LWC, stan-
dard deviation (o), and number of measurements () for the
SLF sensor, NIR-HSI along the same profile as the SLF sen-
sor, and the depth average of the entire width of the snowpit
are shown in Table 3. Generally, the LWC from the NIR-HSI
retrieval had a positive bias compared to the SLF sensor, par-
ticularly notable at the top of the snowpack, although the pat-
terns and peaks have similar trends. The difference between
retrievals and measurements is discussed further in Sect. 5.1.

For comparison, when processed with the coated sphere
model the LWC reached the model limit at 25 % over much
of the scene. The ket sphere model did have mean values
slightly closer to the SLF sensor; however this was not un-
expected given that the laboratory results were biased nega-
tive. The magnitude of values, with coated spheres retrieving
higher values and k.fr spheres retrieving lower values relative
to interstitial spheres, mimics the bias present in laboratory
results (Table 2).

The high resolution of the maps shows how stratigraphy
influences r. and LWC distributions in higher detail than can
be captured with standard field-based observations. At the
top of the snowpit, it can be discerned that the snow was sat-
urated with water, which was pooling on top of the ice lens
at 130cm snow height. The SLF sensor only captures the
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average LWC, particularly between 110 and 130 cm, where
there is high variability in LWC between layered ice lenses.
At the ice lenses (130, 122, and 110 cm) the grains are large,
while the LWC is low. Water pooling above ice lenses, rather
than the ice lens itself having water content, is sensible be-
cause there is minimal pore space for water to reside or pass
through. Below the ice lens, a few isolated preferential flow
paths extend to lower layers, while other features show wa-
ter concentrated (at ~ 90 and ~ 75 cm) but not flowing along
the plane of the snowpit wall.

5 Discussion
5.1 Liquid water content retrieval

The interstitial sphere and k.fr sphere models performed sim-
ilarly because the optical properties are volume-mixed in
both cases, albeit internally versus externally mixed. The ex-
ternal mixing of interstitial water spheres results in a notable
shift in the reflectance spectrum at wavelengths ranging from
1300-1450 nm when compared to kg spheres (Fig. 6). Since
the interstitial sphere model performed the best, this result
indicates that the particle size of water in wet snow plays an
important role in the simulated reflectance, whereas the par-
ticle size of water is not considered in the k. model. Before
mixing the optical properties, the particle size of the water
sphere was the same size as the ice sphere, which is a rea-
sonable approximation. It would be possible to mix water
and ice spheres of differing size, although this approach is
computationally expensive given that the number of possible
simulated spectra combinations would approach infinity.

The coated sphere model performed reasonably in the pen-
dular regime, where water is contained in menisci held in be-
tween the ice particles, but then considerably overestimated
LWC in the funicular regime. The coated sphere model
was chosen over the interstitial sphere model by Green et
al. (2002), based on visual inspection, considering the bands
in the ice absorption feature centered at 1030 cm, which en-
compasses only part of the distinct shifts between ice and
water that are present in the complex refractive index across
the NIR (Fig. 1). This study used a greater number of NIR
bands that span multiple distinguishable shifts between ice
and water, which is a more robust approach.

For small snow grains of PP (Sample 1) and DF (Sam-
ple 2) crystal type, LWC retrievals did not perform well us-
ing any of the models, one potential reason being that PP and
DF crystal types are complex shapes, and reflectance may not
be accurately represented using spheres. Using a ray tracing
model, Picard et al. (2009) showed that grain shape can influ-
ence reflectance. Although it is possible to have wet PP and
DF crystal types (e.g., rain on snow), low-density dendritic
snow crystals are more commonly found at temperatures well
below freezing (Judson and Doesken, 2000). It is far more
common for wet snow to contain larger rounded grains pri-
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Table 3. Liquid water content retrieval results from the field.

Kfr spheres

Coated spheres Interstitial spheres

SLF  Sensor Full Sensor Full Sensor Full

sensor area profile area profile area profile

Mean LWC [%] 12.6 15.6 15.1 23.5 232 16.3 15.7
o 2.3 32 2.7 1.8 1.1 3.4 32
n 28 21758 243386 21758 243386 21758 243386

marily because the presence of water rapidly increases the
rate of snow grain growth, especially through melt and re-
freeze cycles. Small RG (Sample 3), having only slightly
larger r. values than the PP and DF crystals, performed sim-
ilarly to the medium- and large-sized grains, further suggest-
ing that the complex shapes of PP and DF may be driving the
poor performance. Based on the results at small grain sizes,
the mixing models have potential to classify dry versus wet
snow but not quantitatively retrieve LWC.

Interestingly, for the largest grains, Samples 6 and 7, the
highest LWC measurements from the SLF sensor are ~ 10 %
(Fig. 9). These apparent maxima, seen in both measurements
and retrievals, are attributed to the large grains having a re-
duced water-holding capacity within the pore space (Yam-
aguchi et al., 2010). Although the snow sample could con-
tain higher than 10 % LWC by volume, water is able to drain
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below the near-surface detection limit of the SLF sensor and
NIR-HSI.

5.2 Effective grain radius retrieval

The scaled band area method assumes dry snow, but in re-
mote sensing and field applications there is typically no a
priori knowledge of snow wetness; thus comparing re sBA
tO 7e residual allows us to test the validity of this assumption
for wet snow. To visualize the difference between the resid-
ual and scaled band area methods, an example of a measured
spectrum from a dry and wet snow (12 % LWC) sample is
shown in Fig. 12, along with the corresponding simulated
spectrum retrieved using the two methods. For the dry snow
spectrum, re spa i larger than re residual, Which is a con-
sistent trend across all samples (Fig. 10 best fit line). This
is attributed to the scaled band area method using a fixed
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wavelength range spanning the area of the absorption fea-
ture centered at 1030 nm (961 to 1087 nm), which makes it
sensitive to small changes in the shape of the measured ab-
sorption feature and location of the continuum line shoul-
ders (shown as gray lines in Fig. 12b), whereas the resid-
ual method finds the best fit spectrum over all NIR wave-
lengths ranging from 961 to 1472 nm. In the example shown
(Fig. 12b), the left shoulder of the matched simulated spec-
trum using the residual method is slightly below the mea-
sured spectrum, resulting in the scaled band area of the mea-
sured spectrum (2.92) being higher than that of the matched
simulated spectra (2.46).

In the wet snow case, the absorption feature centered at
1030 nm shifts to shorter wavelengths and broadens. Similar
to the comparison for dry snow, the fixed wavelength range
and continuum line of the scaled band area method fail to
fully capture the wet snow absorption feature, resulting in
a reduction in the scaled band area. This result is shown in
the spectral reflectance example (Fig. 12¢) and is responsible
for the decreasing r. spa at high LWC seen for Samples 3-7
(Fig. 10). In this example, the shift to the left is highlighted
with the arrow pointing to the flattening of the feature that is
incorrectly included by the scaled band area fixed continuum
line (shown as gray lines in Fig. 12c), resulting in a smaller
scaled band area. This example also shows the broadening of
the feature relative to the shape of ice absorption alone. The
shape of the wet snow feature is better represented by the
matched simulated spectrum using the residual method. It is
possible that this has implications for previous studies that
have applied the scaled band area method over potentially
wet snow (e.g., Skiles and Painter, 2017).
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5.3 Uncertainties
5.3.1 Simulated snow reflectance

All the mixing models examined in this study are approxi-
mate representations of the relative arrangement of ice and
water in wet snow. The spherical particle approximation
used in this study to represent wet snow is a reasonable ap-
proach because ice grains in the presence of water tend to
be rounded. The arrangement of ice and water, on the other
hand, is dependent on the level of water saturation; there-
fore using a single mixing model to determine the LWC
across a large range of water saturations results in inherent
uncertainty. Since no a priori knowledge of snow wetness is
known when taking NIR-HSI measurements, the goal of this
research only aims to find the modeling approach that has the
best retrieval of LWC across ranges commonly found in natu-
ral environments when compared to an established dielectric-
based instrument.

Simulations of clean snow reflectance, assuming no LAPs,
were valid for the laboratory experiments; however snow
in natural environments contains varying concentrations of
LAPs. Since LAPs predominately effect the visible part of
the spectrum (Nolin and Dozier, 2000), it is unlikely that
typical concentrations would impact this retrieval method.
However, at high concentrations of LAPs their impact ex-
tends into the NIR, and in extreme cases this can make the ice
absorption feature more shallow (Skiles et al., 2018), which
would increase uncertainties in this retrieval method.

5.3.2 Measured snow reflectance

There is uncertainty in the measurement of absolute spec-
tral reflectance, the accuracy of which is important for us-
ing the residual method. To minimize this uncertainty in the
laboratory, spectral measurements were taken with consis-
tent lighting conditions and at close proximity, resulting in
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near-perfect conditions, which was ideal for the compari-
son study. Similarly, uncertainties related to lighting condi-
tions in the field experiment were minimized by blocking all
sunlight with an opaque tarp and illuminating the snowpit
wall with a known lighting source. This approach is rec-
ommended and is used with other optical methods, such as
contact spectroscopy (Painter et al., 2007; Skiles and Painter,
2017). Using natural light in a standard snowpit orientation
(i.e., facing away from the sun) would make the conversion
from radiance to reflectance challenging because the snowpit
wall is unevenly illuminated by diffuse light and would need
to be accounted for in the radiative transfer modeling. Addi-
tionally, there may not be enough light on the snowpit wall
for imaging; however, this was not tested here.

Similarly, if the orientation of the imager or light source is
off-nadir, this needs to be accounted for in the radiative trans-
fer modeling such that the measured and simulated spectra
are comparable. Here, we did not image the bottom 40 cm
of the snowpit because positioning the camera and lights off-
nadir would introduce errors in the comparison to the simu-
lated spectra at nadir viewing, which is discussed in more de-
tail in Donahue et al. (2021). However, the full snowpit could
be imaged in nadir orientation by digging a larger snowpit
such that the camera and lighting source are farther away
from the snowpit wall or by using a tripod that lowers closer
to the ground.

Additionally, the residual method benefits from the high
signal-to-noise ratio (1885) and spectral resolution (4.9 nm)
of the instrument used here. For application of this method
at the airborne or satellite scales, spectral measurements con-
tain more noise than those in the laboratory and require atmo-
spheric and topographic correction, introducing additional
uncertainty into absolute reflectance values. Although not
within the scope of this study, instruments at these scales
also need to account for water vapor in the air, which is dis-
cussed further in Green et al. (2006). Finally, due to the rel-
atively minor shift in NIR reflectance, this approach is likely
not suitable for mixed pixels (not pure snow), which become
more common as spatial coverage and pixel sizes increase.

5.3.3 Dielectric liquid water content measurements

Dielectric instruments, including the SLF sensor used here,
have their own uncertainties. Based on the empirical calibra-
tion of the SLF sensor (FPGA Company, 2018), the RMSE
of the LWC measurement is ~ 1.2 %. These types of instru-
ments also rely on an independent snow density measure-
ment to calculate LWC. In the case of the SLF sensor, the
“dry snow” density, which describes the fraction of ice in
a wet snow volume, is required to calculate a LWC value
(FPGA Company, 2018). In the laboratory experiments, this
was not an issue because all snow samples started dry, and
the dry snow density was used for all subsequent LWC mea-
surements during melt. Conversely, in the field experiment,
the snow was already wet, and there was no way of isolating
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a dry snow density. The preferred solution offered by FPGA
Company (2018) is to measure density in the morning if the
snow has refrozen, but this was not possible here. A sec-
ond solution, described in Sect. 3.2.2 and applied here, is to
use an iterative approach to determine an estimated dry snow
density. Since the measured LWC is dominated by water con-
tent rather than snow density, the change in corrected LWC
was small, ranging from 0.4 %—1.2 %. Due to the cubic em-
pirical calibration curve (FPGA Company, 2018), high LWC
values had a smaller correction, while smaller LWC values
had a larger correction. Nevertheless, a known dry snow den-
sity at the time of measurement would give the most accurate
LWC measurement from the SLF sensor. Although there is
inherent uncertainty associated with the SLF sensor, it was
found to be the most suitable LWC measurement instrument
for comparison to LWC retrieved from NIR reflectance be-
cause it is non-destructive to the snow surface, measures a
flat surface, and has minimal penetration into snow, similar
to NIR light.

5.3.4 Field measurements

Acquiring a vertical profile of LWC, using any instrument,
requires digging a snowpit and exposing the sidewall. The
atmospheric exposure can change snow properties and intro-
duce uncertainties to the measurement. Shea et al. (2012)
observed that a statistically significant change in the sur-
face temperature across a snowpit wall occurred within the
first 90 s of exposure, providing evidence that atmospheric
equalization affects the surface temperature more strongly
than from heat behind the snowpit wall. Here, the snowpit
was isothermal, and the air temperature was above freezing
(10°C), meaning that any additional energy into the snow-
pack directly goes to melting snow and increasing LWC.
To minimize these uncertainties, a systematic approach was
taken where the snowpit sidewall was cut back ~ 10 cm prior
to taking hyperspectral images and SLF sensor measure-
ments. Additionally, the snowpit was covered with an opaque
tarp, blocking all diffuse sunlight on the snowpit wall. Ac-
quiring two hyperspectral images took approximately 2 min,
while acquiring the 28 SLF sensor measurements in a verti-
cal profile took approximately 5 min, resulting in the snowpit
sidewall being exposed for ~ 7 min. The comparison of the
two instruments cannot occur simultaneously and requires
the snowpit to be exposed for an extended time, which would
lead to uncertainties if the LWC on the snowpit wall in-
creased during this time.

5.4 Implications for future applications

Controls on liquid water movement through snow include
LWC, grain size, and wet snow metamorphism (Hirashima
et al., 2019). Multi-dimensional snowmelt models have been
developed to represent the relationship between grain growth
and water percolation (Hirashima et al., 2014), but limited
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observations for validation at large spatial scales currently
exist. Being able to coincidently map r. and LWC spatial
distributions in such high detail could support process-based
studies and validate models coupling wetting front propaga-
tion with grain size and grain growth.

Coincident r. and LWC maps could also be used to bet-
ter interpret microwave remote sensing retrievals and for
comparison to microwave radiative transfer models, such
as the Microwave Emission Model for Layered Snow-
packs (MEMLS) (Wiesmann and Mitzler, 1999) and the
Dense Media Radiative Transfer Multi-Layer model (DMRT-
ML) (Picard et al., 2013). Generally, these models are ini-
tialized with physical snow properties, including re, LWC,
and layer thickness. Currently, discrete in situ measurements
of 7. and LWC measurements are taken using instruments,
such as the IceCube and the SLF sensor, respectively. These
instruments are generally affordable and portable and do not
require a large snowpit working space. However, to measure
snow properties, multiple instruments are needed, and mea-
surements are discrete and asynchronous, making it chal-
lenging to capture spatial variability. Additionally, multiple
measurements require the snowpit wall to be exposed for
longer, increasing uncertainty in the measured snow prop-
erties. Although logistically more challenging to implement
in the field, the NIR-HSI method addresses these limitations
by measuring ., LWC, and layer thickness in high resolution
simultaneously while minimizing the time the snowpit wall
is exposed to ambient air.

There is also broader relevance for the assessment and de-
velopment of snow property retrievals from measured spec-
tral reflectance with upcoming satellite imaging spectrome-
ter missions. These include the Surface Biology and Geol-
ogy (SBG) imaging spectrometer mission and the Coperni-
cus Hyperspectral Imaging Mission (CHIME). Although al-
gorithm suites have been developed to retrieve snow prop-
erties from airborne imaging spectroscopy (Painter et al.,
2013), LWC is not a standard part of the retrieval and has
only been demonstrated as a case study (Green et al., 2002).
Time series mapping of LWC could be used to monitor melt
initiation and how it varies with slope, aspect, and elevation.

6 Conclusions

The results in this study show that the externally mixed in-
terstitial sphere model performs best when compared to a di-
electric LWC measurement instrument, relative to the pre-
viously proposed kefr sphere (Hyvarinen and Lammasniemi,
1987) and coated sphere models (Green et al., 2002). It was
also found that for the smallest grains (i.e., new and de-
composing precipitation particles), none of the models in-
vestigated compared well to the SLF sensor. For low LWC
(< 7 %), all the retrievals compare well to measurements, but
at higher LWC the kfr and coated spheres were biased posi-
tive and negative, respectively. Overall and across the widest
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range of initial grain types, 7. (162—859 um) and LWC (0 %—
17.2 %), the interstitial sphere model performed the best,
with ~ 1 % uncertainty.

For the re comparison, between the two optically based
residual and scaled band area methods, it was found that the
scaled band area retrieval had a positive bias compared to the
residual method. This bias was lowest for small grains and
increased with grain size. For wet snow, the scaled band area
method was impacted by the presence of water due to the
shift in the absorption feature to shorter wavelengths, result-
ing in decreasing r. at high LWC. Because scaled band area
implicitly assumes dry snow, it is based on ice absorption
alone, and caution is encouraged when applying this method
without knowing that the snow is dry.

The field application of the NIR-HSI method produced
maps that reflect the general understanding of what a snap-
shot of a snowpit would look like during snowmelt progres-
sion but mapped the stratigraphy of snow properties (i.e.,
LWC and grain size) at much higher resolution relative to
standard profile-based observations. The retrieved LWC was
found to be slightly higher than that measured by the SLF
sensor, which was attributed to both the inability to deter-
mine the dry snow density and the high level of detail in the
maps that could not be captured by the volume-averaged di-
electric sensor.
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Abstract: Infiltration of liquid water in a seasonal snowpack is a complex process that consists of
two primary mechanisms: a semi-uniform melting front, or matrix flow, and heterogeneous prefer-
ential flow paths. Distinguishing between these two mechanisms is important for monitoring snow
melt progression, which is relevant for hydrology and avalanche forecasting. It has been demon-
strated that single co-polarized upward-looking radar can be used to track matrix flow, whereas
preferential flow paths have yet to be detected. Here, from within a controlled laboratory environ-
ment, continuous polarimetric upward-looking C-band radar was used to monitor melting snow
samples to determine if cross-polarized radar returns were sensitive to the presence and develop-
ment of preferential flow paths. The experimental dataset consisted of six samples, for which the
melting process was interrupted at increasing stages of preferential flow path development. Using
a new serial-section hyperspectral imaging method, polarimetric radar returns were compared
against the 3-dimensional liquid water content distribution and preferential flow path morphology.
It was observed that the cross-polarized signal increased by 13.1 dB across these experiments. This
comparison showed that the metrics used to characterize the flow path morphology related to the
increase in cross-polarized radar returns spanning the six samples, indicating that upward-looking
polarimetric radar has potential to identify preferential flow paths.

Keywords: upward-looking radar, hyperspectral imaging, wet snow, liquid water content, prefer-
ential flow paths

1. Introduction

The initiation of snow melt and subsequent infiltration of liquid water into a seasonal
snowpack are important processes for snow hydrology and avalanche forecasting. Move-
ment of liquid water in the snowpack is generally described as either homogenous matrix
flow or heterogenous preferential flow. Homogenous matrix flow describes the slow ver-
tical melting front that initiates at the top of the snowpack and moves vertically down-
ward, semi-uniformly, within the horizontal plane [1]. Preferential flow paths, typically
preceding homogenous matrix flow [2], are pathways of concentrated water that can
transport large amounts of water vertically through the snowpack [3, 4]. When preferen-
tial flow paths reach an impermeable layer in the snowpack, such as an ice crust or capil-
lary barrier, water will begin to pool and flow laterally [5], which can increase wet snow
avalanche hazard by weakening the snow and lubricating the layer [6]. Observations of
preferential flow paths have been predominately made using dye tracers (e.g., [7]), though
these types of experiments rely on destructive sampling to visualize a single time step.
Although preferential flow paths play a large role in water transport within a snowpack
[8], they are challenging to detect and measure.

Remote Sens. 2022, 14, x. https://doi.org/10.3390/xxxxx
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Non-destructive measurements of snow properties, including wet snow, have been
demonstrated using radar, which at longer wavelengths can penetrate through the snow
volume [9]. For ground-based radar remote sensing of wet snow, radars have been used
in various viewing configurations, including downward-, side-, and upward-looking con-
figurations. Downward-looking radars are limited in wet snow conditions, when the
snow surface becomes saturated with water, due to the attenuation and reduced penetra-
tion of microwaves [10]. Side-looking radar has been demonstrated to identify preferential
flow paths in a natural snowpack by excavating a snowpit and orienting the antennas
perpendicular to the snowpit wall [11], however, this is not a practical method for contin-
uous snow monitoring. A promising configuration for continuous wet snow monitoring
has been shown to be upward-looking radar [12], buried underneath the snowpack, be-
cause the attenuation of microwaves does not happen until the melting front reaches the
base of the snowpack and observations can occur non-destructively over a longer period
of time relative to downward-looking radar at similar wavelengths.

The application of radar in an upward-looking configuration was first demonstrated
by Gubler and Hiller [13], which has led to additional studies exploring the capability for
continuous snowpack monitoring in dry and wet snow conditions. In dry snow, previous
retrievals from ground-penetrating (GPR) and L-band (1-2 GHz) frequency modulated
continuous wave (FMCW) radars have included snow height, internal stratigraphy layers,
settlement, and density [14-18]. In wet snow conditions, previous retrievals from GPR
have included volumetric liquid water content (LWC) and homogenous matrix flow track-
ing as it approaches the radar [12].

In this previous work, data was primarily collected using a single co-polarized con-
figuration; the radar transmits and receives electromagnetic (EM) waves in the same ori-
entation, either vertical-vertical (VV) or horizontal-horizontal (HH). In this configuration,
co-polarized backscatter (ovvor onn) is dominated by single bounce reflections, which are
useful for identifying planar features perpendicular to the antennas that have variations
in relative permittivity (g,), such as the air-snow interface, stratigraphy layers, pooling
water on an impermeable layer, and homogenous matrix flow, examples of which are
shown in Figure 1a-b. The detection of preferential flow paths has not been demonstrated
in the upward-looking configuration, which is likely because the structure and spatial
heterogeneity of preferential flow paths do not return a strong and consistent co-polarized
signal that can be differentiated from other horizontal layers in the snowpack.

Although not yet demonstrated in an upward-looking configuration in wet snow,
polarimetric radar data is generally better suited to extract geometrical structure, shape,
and orientation of the target [19] and may have potential for identifying the presence of
preferential flow paths. In addition to co-polarized data, full polarimetric radars include
cross-polarized transmit-receive data (i.e., vertical-horizontal (VH) and horizontal-verti-
cal (HV). Cross-polarized backscatter (ovi or onv) is a result of the incident EM wave being
depolarized as a result of multiple scattering events that can occur at the surface due to
roughness, or within the volume due to inhomogeneities in the bulk material that contain
variations in &, [20]. Dry snow, consisting of ice and air, has a low &, (~1.8), whereas
liquid water has a much greater €, (~88) [21, 22]. When preferential flow paths are pre-
sent, the volume of the snowpack contains large heterogenous variations in ¢, such that
multiple scattering events and the subsequent depolarization of an EM wave is probable.
The idealized schematic in Figure 1c illustrates the concept behind this hypothesis.

The goal of this study was to test the hypothesis that preferential flow paths within
a snow volume will depolarize an incident EM wave, causing an enhanced cross-polar-
ized signal using an upward-looking polarimetric radar. This was tested within a con-
trolled laboratory environment by taking continuous polarimetric radar measurements of
prepared snow samples while they were melted from above using a simulated solar lamp.
To quantitatively characterize the LWC and morphology of the preferential flow paths,
for comparison to the collected radar data, at the end of each experiment the snow samples
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were serial-sectioned and LWC maps from hyperspectral imaging were used to create a
reconstructed 3D model of LWC [23].

(a) (b) (c)

snowsurtace  NBESEEESUEIEES SN e

Melting frontor

pooling water 1o

Dry Snow x
- Preferential
\ Stratigraphy flow
Ow
N Snow Bottom

Radar Radar

Figure 1. Idealized schematic of an upward-looking radar configuration in (a) dry snow, (b) melting
snow with wetting front or pooling water (c) preferential flow paths. Single bounce returns are co-
polarized (ovv, shown in green), while multiple scattering returns are depolarized and detected with
the cross-polarized antenna (ovx, shown in red).

2. Methods

From within a controlled laboratory environment, where prescribed snow structures
can be manufactured and characterized, upward-looking polarimetric radar was used to
investigate the feasibility of detecting preferential flow paths. Snow samples were pre-
pared and placed underneath a simulated solar lamp to induce melt while being continu-
ously measured by a C-band (7.29 GHz) radar. The experimental set presented here con-
sists of six snow samples, each one terminated at progressively increased stages of pref-
erential flow path development. Following termination, the snow samples were near-co-
incidently serial-sectioned and imaged with a hyperspectral imager before a per-pixel
LWC was retrieved across each image using the methodology described in [23]. The stack
of serial-section images was reconstructed into a 3D model representing the distribution
of LWC within the sample, such that preferential flow paths could be characterized and
compared to the radar data. Preferential flow morphology parameters, computed by bi-
narizing the 3D model at different LWC thresholds, were compared against the cross-
polarized radar returns integrated over the snow sample volume at the end of the melting
experiment ((6%%") t=enaq)- Additional experimental detail is given in sections 2.1-2.4, while
an experimental workflow is presented in Figure 2.
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Figure 2. Laboratory experimental workflow

2.1 Snow sample preparation

Laboratory snow samples were prepared inside of a polystyrene foam container,
commonly referred to as Styrofoam, because it is nearly invisible to the radar due to its
low relative permittivity (e, = 1.1). The 42 x 42 x 38 cm (L x W x H) sample container
was filled with clean rounded snow grains that were produced in a laboratory snow-
maker, similar to the machine described in [24]. The produced snow was stored in a cold
room at -10 °C for multiple weeks which allowed the dendritic crystals to metamorphose
into rounded grains of varying size. Snow grains were sieved using a 2 mm sieve to create
a single homogenous layer within the sample container. The bulk density of the samples,
measured by weighing the entire sample, ranged from 370 to 497 kg m=3. The top surface
of each sample was scraped with a straight edge to level the snow surface with the top of
the sample container. To mitigate edge effects from water flowing down the sides of the
sample container along the side walls, the top of the snow sample was shaded along the
edge using a piece of polystyrene foam extending 2.5 cm from the sample container side
wall. The details for each snow sample are outlined in Table 1.

Table 1. Snow sample properties

Snow Density ~ Time under solar
Sample [kg m=3] lamp [min]
1 497 20
2 489 30
3 370 60
4 399 120
5 479 50
6 378 40
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2.2 Radar experimental setup and raw data processing

To reduce radar reflections from the walls inside the cold room, each snow sample
was placed inside of a custom-built anechoic chamber, represented in Figure 3. The frame
of the anechoic chamber was built with plywood, to dimensions of 95 x 95 x 200 cm (L x
W x H), and the interior walls were lined with 7.6 cm thick convoluted foam absorbers
(Mast Technologies MF32-0002-01) designed to attenuate microwaves at frequencies rang-
ing from 1 GHz to 18 GHz. The top of the anechoic chamber was left open, and the cham-
ber was located underneath a programmable metal-halide lamp that simulates the solar
spectrum. The shortwave radiation flux of the lamp was set to 900 W m-, which is a flux
commonly observed in the spring when seasonal snowpacks undergo melt [25]. Snow
samples were placed in the center of the chamber, 41 cm below the solar lamp, on an in-
tegrated shelf built into the chamber. The radar was located at the base of the chamber
with the antennas pointing upward 75 cm from the bottom of the snow sample.

This study used a SensorLogic (https://www.sensorlogic.ai/) Onza ultra-wideband
(UWB) radar development kit, which integrates the Novelda XeThru X4 radar technology
onto a BeagleBone Black compatible cape. The radar was configured to operate at a center
frequency of 7.29 GHz (C-band) with a bandwidth of 1.5 GHz, such that the operating
frequency range covered 6.54-8.04 GHz. The radar unit was configured in a quasi-mono-
static configuration consisting of two linearly polarized 15 dBi gain horn antennas (WR-
137) designed to operate between 5.85-8.20 GHz. The far field radiation pattern of the an-
tennas, defined by the Fraunhofer distance [26], was 43 cm and the bottom of the snow
sample was in this region. To collect four polarimetric measurements (VV, HH, VH, HV),
the two antennas were mounted 11 cm apart on a custom-built stepper motor assembly
that automatically rotated the antennas through precise 90° rotations between each radar
acquisition, such that the antennas were either parallel or orthogonal to each other. During
the melt experiment, continuous radar measurements were made. At each antenna con-
figuration, twenty radar traces were collected and averaged for that time step. Each po-
larization measurement and subsequent antenna rotation took 15 seconds, with all four
polarizations collected in approximately 60 seconds.

Each melt experiment started with the snow sample isothermal at -1 °C, such that the
snow sample was dry (i.e., no liquid water) and the cold content was nearly depleted.
First, the radar was turned on to collect three full polarimetric measurements of the snow
sample in the dry state. Next, the solar lamp was turned on to begin the melting process.
By visual inspection of the real-time radar data, melt experiments were terminated at var-
ious stages of melt progression to get a set of samples that captured a range of preferential
flow path sizes and patterns that could be compared to the radar signal.

Post-processing steps were identical for all radar traces. The received signal was nor-
malized to an absolute voltage value between 0-1.2 V. To reduce noise, two processing
steps were applied; (1) a background signal, taken without a snow sample in the anechoic
chamber, was removed from each radar trace in the frequency domain and (2) a bandpass
filter spanning the frequency range of the radar (5.65-8.04 GHz) was used to remove high
and low frequency noise [27]. Following the processing steps used in [14], a linear-time
varying gain was applied to signals to enhance the upper regions of the snow sample that
were impacted by radar range loss. For visualization in a radargram format, the processed
signal was enveloped using a Hilbert transform [28].

Using a simplified form of the snow radar backscatter model [29], the total radar
backscatter received at the antenna for each transmit-receive polarizations p and g (o59%)
was decomposed into three components:

tot _ ,top vol bot
Opq = Opq T 0pg t 0pq, 1
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where a.¢F is the backscatter at the air-snow interface at the top of the snow sample, oot

Pq
is the backscatter from the snow volume, and 622" is the backscatter at the polystyrene
foam-snow interface at the bottom of the snow sample. Of particular interest in this study
was o@f' because the preferential flow paths develop within the snow volume. To calcu-
late o3’ the magnitude of the radar signal was integrated over range bins (i.e., fast time)
that represented the snow volume. Using the strong co-polarized returns from the top and
bottom of the snow samples, the limits of the range bins were selected by picking the
signal minima following the top and bottom snow surface reflections. Due to the six snow
samples having variations in bulk density (370-497 kg m-3), this methodology resulted in
the number of range bins to vary by approximately 2 cm (43-47 total range bins) between
samples. To not introduce a bias due to the total number of range bins that were inte-
grated, the smallest number of range bins (43 range bins) was used for all samples. In the
denser samples, where the number of range bins were larger, the volume range was cen-
tered in the middle of the volume, which resulted in at most 2 bins (~1 cm) being excluded
on each end.

The characterization of preferential flow paths using the serial-section hyperspectral
imaging method, discussed further is section 2.3, only captured the approximate state of
the preferential flow paths within the snow volume at the final time step of the continuous
radar measurements. Hence, the primary radar parameter used for comparison to the
morphology parameters was oy calculated at the final timestep of the continuous radar
measurements, denoted as (08" ;=ena- Since there were no continuous quantifiable pref-
erential flow morphology parameters that could be collected during the melt experiment,
the radar data prior to the final time step could only be qualitatively assessed against the
final state of the preferential flow paths.

Ceiling
[ SolarSimulatorLamp |

Snow Sample

Anechoic Chamber

T

Horn Antennas
Radar &
Stepper Motors

Cold Room [0°C]

Figure 3. Schematic of laboratory snow melt experiments within an anechoic chamber inside of a
cold room with continuous upward-looking polarimetric radar measurements.
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2.3 Serial-section hyperspectral imaging and data cube processing

For 3D visualization and quantification of preferential flow paths within the snow
volume, each sample was serial-section imaged using a compact hyperspectral imager
(Figure 4a). Inside the cold room, set at 0 °C, the sidewalls of the sample container were
removed to expose the snow sample. The sample was cut along the vertical profile in ~1.5
cm intervals using a sharpened piece of aluminum sheet metal (60 x 60 cm) that extended
beyond the edges of the sample. Following each cut, the snow sample was moved ~1.5 cm
towards the imager to maintain a consistent distance between the snow surface and the
imager, which maintained a consistent pixel resolution for each image. Each sample was
serial-sectioned into 28-33 sections. Following the experimental setup detailed in [30] and
briefly described here, each exposed face was illuminated using two diffuse halogen
lamps. A Resonon Pika NIR-320 hyperspectral imager was mounted onto a tripod
mounted rotational stage to collect the NIR spectral radiance in each pixel from 900-1700
nm. A Spectrolon® 99% reflectance calibration target was placed in the scene of each im-
age to convert each pixel from radiance to bidirectional reflectance.

Following the methodology detailed in [23], the spectral shift in NIR reflectance be-
tween ice and liquid water was leveraged to retrieve volumetric LWC on a pixel-by-pixel
basis (1.3 mm pixel resolution). Each image contained 315 x 285 (W x H) pixels with LWC
values ranging from 0-25 % LWC and the stack of images was reconstructed into a 3D
model with each voxel representing the LWC in the snow sample (Figure 4b). The high
pixel resolution in the imaging/cutting plane (x-y, Figure 4) was maintained and each im-
age in the stack was stretched in the cutting direction (z, Figure 4) to represent ~1.5 cm,
resulting in a 3D model containing 315 x 315 x 285 voxels (L x W x H) having a 2.4 mm?
resolution. A 3D box filter [31], with a filter size of 9, was used to make the edges between
voxels continuously smooth.

Within the 3D model, a smaller volume of interest (VOI, gray volume in Figure 4c)
was extracted that contained only the preferential flow paths inside the volume of the
snow sample and was used to quantify morphology parameters for comparison to the
radar signal, discussed further in section 2.4. In order to only evaluate the contribution
from the preferential flow paths, the VOI excluded the top 3.5 cm that included the matrix
flow, the bottom 2 cm that included pooling water at the bottom of the samples, and 3.5
cm from the snow sample edge to remove edge effects. The same VOI dimensions were
used for all samples, which contained 245 x 262 x 262 voxels.

a) Serial-Section Hyperspectral Imaging Experimental Setup b) 3D Reconstruction
>
Sheet Metal Cutting Blade
o :
! ‘
Imager - Snow Sample ‘ 2
1.5 cm Serial-Sections
Rotational “ Halogen Lamps ¢) Volume of Interest
Stage Y L?
m
Cold Room: 0 °C y
L

Figure 4. a) Schematic of serial-section hyperspectral imaging experimental setup inside of cold
room. b) Visualization of a stack of serial-section images reconstructed to represent the 3D distribu-
tion of liquid water content in the snow sample. c) Schematic of the entire volume of the recon-
structed snow sample (light blue) and the volume of interest (VOI, gray) within the snow sample
volume.
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2.4 Preferential flow morphology

The preferential flow path morphology within the VOI was used as a comparison to
(088 t=ena- To calculate morphology parameters, the 3D LWC model must be in a bina-
rized form, such that the preferential flow paths are represented as objects. Using a LWC
threshold, the 3D structure was binarized into an object at 1% steps ranging from 0% to
7% LWC. At a 0% LWC threshold, all voxels were included as part of the object which
resulted in a cube the size of the VOI (Figure 5a). As the threshold is step-wise increased,
all voxels containing LWC values less than the threshold were removed from the object
and the preferential flow paths, having higher LWC values, were revealed. For example,
in Figure 5b-d, the threshold is increased from 2-6% LWC and with each threshold in-
crease the preferential flow path becomes more defined.

Morphology parameters were calculated using the Bruker CT Analyzer (CTAN) soft-
ware package, an X-ray computed microtomography (micro-CT) 3D image analysis soft-
ware. The 2D binarized image stacks were loaded into the program and 3D morphology
parameters were computed for each sample at each threshold. The morphology analysis
focused on three parameters that quantitatively describe the structure of the preferential
flow paths: (1) object volume, (2) object surface area, and (3) object separation distance.
Object separation is a measure of the mean thickness of open space or cavities that sepa-
rates the object structures, which is determined by fitting spheres within the open space
[32].

a) Threshold = 0 9% LWC b) Threshold = 2 % LWC ¢) Threshold = 4 % LWC d) Threshold = 6 % LWC

Figure 5. An example (Sample 6) of binarizing the volume of interest (VOI) using a liquid water
content (LWC) threshold equal to a) 0% b) 2% c) 4% and d) 6%.

3. Results
3.1 Upward-looking radar observations

The continuous radar measurements for ovvand ovu are presented in radargrams for
each snow sample in columns one and two of Figure 6, respectively, and it is worth noting
that the color scale for ovv is an order of magnitude greater than ovu. The snow samples
are ordered (1-6) in increasing magnitude of (678");=ena, Which are shown in Table 2, and
does not consistently correspond to the duration of each experiment. The red tick marks
indicate the location of the peak backscatter from the top (6*°?) and bottom (6%°) = of the
snow samples and the region between the white tick marks represents the limits of the
range bins that were integrated to compute the backscatter within the sample volume
(o7°"). Although onnand onv were also collected, they are not presented here because they
were nearly identical to ovvand ovs, given the radar was in an orthogonal orientation rel-
ative to the snow sample.

Generally, and as expected, ovv captured single bounce reflections from surfaces that
were perpendicular to the antennas, which were the top and bottom surfaces of the snow
sample and pooling layers of water. At the start of the experiments when the snow was
dry, ovv detected the top and bottom of the snow sample, with negligible returns within
the snow volume (Figure 6, column one). In all samples, melt initiated at the top snow
surface at approximately 10 minutes, which caused o." to increase due to the introduc-
tion of water increasing &,. As melt progresses and water began to percolate through the
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snow volume, 77 generally began to decrease. In Samples 1-3, o¥g' remained negligi-
ble across the duration of each experiment, suggesting there were no single bounce re-
turns from preferential flow paths, while Samples 4-6 exhibited measurable returns at late
stages of the experiment. This is discussed in terms of preferential flow path morphology
in section 4.2. For comparison, (0¥8)¢=ena and (638")¢=eng are summarized in Table 2.
In comparison to ovv, ovu had relatively low magnitude returns at top and bottom
surfaces in dry conditions, which were not present in all samples (e.g., Samples 4-5 at 0

minutes). Additionally, o3 had measurable returns, whereas o¢' did not. As the top

of the sample began to melt, as seen in o‘ff,p, aﬁflp also increased, although the returns
were time-delayed compared to Ulfop, which was likely due to the returned EM waves
being multiple scattered by irregularities in the wet surface. Interestingly, exhibited in all
samples at the snow surface and discussed further in section 4.1, there are periods where
ou? faded while o7 enhanced. As melt progressed further, of% enhanced and ap-
peared to track water movement within the snow sample, which supports the hypothesis
that the heterogenous nature of preferential flow paths has a depolarizing effect on inci-

dent EM waves.

Table 2. Integrated co- and cross-polarized backscatter within the snow sample volume at the final
time step of the melt experiment.

Snow (09 t=ena (08 t=ena
Sample [dB] [dB]
1 -0.1 -12.6
2 6.3 -12.3
3 9.8 -5.1
4 8.1 -2.2
5 13.1 0.2
6 14.6 0.5
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3D Reconstruction  Volume of Interest

T

vol
0VH )l:end

20 20
Minutes Minutes
0.2 0.4 0.6 0.8
VH o 0.02 0.04 0.06 0.08 0.1 5 6 7 8 9 10 11 12
Normalized Radar Intensity Liquid Water Content [%]

Figure 6. The first two columns are the continuous co-polarized and cross-polarized radargram for
each melt experiment (Samples 1-6). The snow sample top and bottom are indicated with the red
tick marks and the snow sample volume is represented as the area between the white tick marks.
The second two columns are the corresponding 3D reconstruction and volume of interest with the
liquid water content threshold set to 5%.
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Volume Backscatter - 50! [dB]

3.2 Liquid water content 3D reconstructions

The 3D LWC reconstructions, shown in Figure 6 (third column), show the main fea-
tures of water movement through the snow sample. The structures are shown with a 5%
LWC threshold; all voxels with LWC <5% are transparent, and the remaining voxels LWC
values are indicated using the color scale. Generally, all samples had a similar structure
including homogenous matrix flow at the top of the snow surface, preferential flow paths
in the snow volume, and varying amounts of pooling water at the bottom of the sample
container.

Example VOIs, the portion of the sample used to characterize the structure, are also
shown in Figure 6 (fourth column). The VOIs retain the preferential flow path structure,
while removing the pooling water at the surface and base of the sample and edge effects.
By visual inspection, the preferential flow paths from Sample 1 to 6 were progressively
more complex, which generally coincided with the sample ordering based on increasing

(0% t=ena- This result suggests that o3" was sensitive to the development of the prefer-

ential flow path prior to the final time step of the melting experiments, because a/5' ap-

pears to correspond with the timing of water percolation in the snow volume.
3.3 Preferential flow path morphology
In combination, the 3D LWC models and radar data indicate that the development

of preferential flow paths creates opportunities for multiple scattering, increasing o'
Preferential flow path morphology, characterized by volume, surface area, and separation
distance, exhibited linear relationships with (0%%)t=ena at LWC thresholds between 4—
7%. At the lower thresholds (1-3%) the flow path structures were not fully resolved, see
Figure 5a-b, and R-squared values were low (Table 3). Overall, the morphology parame-
ters had the best fit (R-squared) at 5% LWC threshold, which is represented in blue in
Figure 7 and used to visualize the 3D structure in Figure 5.

As shown in Figure 7, preferential flow volume and surface area had positive trends
with (6¥%)t=ena, Which makes intuitive sense because as more preferential flow paths
were developed the likelihood of multiple scattering increased. The preferential flow path
separation distance had a negative trend with (028" ¢=ena, Which indicates that structures
close together have higher likelihood of causing multiple scattering while structures far-
ther away are less likely to cause multiple scattering and subsequent depolarization. At
each threshold, volume and surface area have similar trendlines, but shift to smaller val-
ues as the threshold is increased and more of the object is removed. The trendlines for
separation distance are similar but shift to larger separation distances at higher thresholds
due to more of the object being removed.

b) , © .
0 0-
-2 -2~
-4 -4 -
-6 Bk
-8 -8
-10 10 -
. @ e
2 .. Fit -12
-14 14 :
200 400 600 800 0 500 1000 1500 2000 & 7 8 g 10 1 12
Preferential Flow Path Volume [cma] Preferential Flow Path Surface Area [cmz] Preferential Flow Path Separation [cm]

Figure 7. Morphology parameters (a) preferential flow path volume, (b) preferential flow path sur-
face area, and (c) preferential flow path separation distance derived at liquid water content (%LWC)
thresholds ranging from 4-7% and plotted versus the cross-polarized volume component from the
final timestep in the melt experiment, (6¥3)s=ena-
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Table 3. Coefficient of determination (R-squared) between the morphology parameters at each lig-
uid water content (LWC) threshold and the cross-polarized volume component at the final timestep
in the melt experiment, (0¢%))t=ena- Bold values indicate LWC thresholds that are included in Fig-

ure 7.
Th];evgli)ld Volume Surface SeParatiOn
[%] Area Distance
1 0.31 0.27 0.46
2 0.51 0.35 0.61
3 0.76 0.60 0.74
4 0.84 0.82 0.95
5 0.81 0.86 0.98
6 0.74 0.79 0.99
7 0.70 0.73 0.99

4. Discussion
4.1 Radar response from the top of the snow sample

Due to melt initiation, there is a strong J‘%p exhibited in all snow samples, which
was followed by a period during which .07 weakened while g, coincidentally
strengthened (Figure 6). In Samples 2-6, this period was then followed by g o weaken-
ing while o,o”strengthened again. To investigate the snow structure and LWC distribu-
tion that caused this radar response, the Sample 1 experiment was terminated within this
period. Although it was challenging to determine the exact cause of this response, by vis-
ual inspection of the 3D LWC model in Sample 1, we hypothesize that this time coincides
with the period where the top snow layer becomes sufficiently saturated to overcome ca-
pillary forces, and due to gravity begins to drain below the snow surface [33]. This process
has two effects on the radar response: (1) the LWC at the snow surface is reduced, lower-
ing ,, and therefore gjo” and (2) the underside of the snow surface develops hetero-
genous distributions of water (Figure 6, Sample 1), similar to surface roughness, and the

high variation in €, increases multiple scattering, strengthening oy -

4.2 Radar response from the snow volume

Single bounce radar returns typically produce large magnitude peaks and are easy
to classify, whereas cross-polarized returns due to multiple scattering within a volume
can appear noisy and are challenging to interpret. The cross-polarized returns from the
experiments presented here generally do not have large magnitude peaks, but rather dis-
play multiple low magnitude peaks over the volume region. The returns, though, appear
to track the progression of melt toward the bottom of the sample. Although it was not
possible to quantify the state of preferential flow path development within the snow vol-
ume during the continuous radar measurements, some qualitative explanations of the vol-
ume returns can be made based on the final 3D LWC model.

InSamples 1 and 2, 69" and oy were both negligible, likely due to the preferen-
tial flow paths being relatively undeveloped (Sample 1) or in a simple columnar form with
no complexities (Sample 2). In Sample 3, while there are negligible returns in o', of!
seemed to track the development of the preferential flow path, which was more complex
than Sample 2. This sample is a good example of the cross-polarized radar response being
sensitive to a complex preferential flow path while it went undetected in the co-polarized
returns. In Sample 4, there were unique horizontal preferential flow path features that
were not present in other samples, which seemed to be detected by ¢%%' and op'. Sam-
ple 5 had the greatest number of individual preferential flow paths that were spatially
distributed in the sample volume, which caused a large o), while 3" was small. This

result suggests that the spatially distributed preferential flow paths depolarized the
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incoming radar signal, while the cumulative radar cross-section was not large enough for
single bounce returns (o33'). In Sample 6, the returns from o3 and oy visually look
similar, which could be due to the relatively wide funnel shape that was created by the
preferential flow paths that could cause single bounce and multiple scattering returns.

Although (0¥9))s=ena had a general increasing trend with preferential flow path
complexity, similar to (0%%")¢=ena (Table 2), it would not be possible to solely use this
signal to classify the returns as anything other than a horizontal layer of pooling water.
Layers containing pooling water in the horizontal plane result in strong co-polar returns
and negligible cross-polar returns. Conversely, preferential flow paths resulted in weak
co-polar returns and strengthened the cross-polar returns (Figure 6); indicating that the
combination of radar returns could be used to classify this process.

4.3 Uncertainties
4.3.1 Polarimetric radar measurements

In single antenna (mono-static) polarimetric radars, the system switches between
channels to send and receive EM waves in different polarizations, which can introduce
cross-talk and gain imbalances between polarization channels. To interpret the data held
in polarimetric radar returns, these need to be corrected by using calibration targets be-
cause many analysis methods depend on magnitudes and ratios of each polarization [34].
Here, a quasi-monostatic configuration was used that consisted of two antennas wired to
separate transmit and receive ports, which minimized cross-talk. Additionally, instead of
switching between channels, this radar setup rotated one antenna 90° relative to the other,
maintaining an identical gain between polarization measurements. Although a calibration
target was not used here, the polarimetric measurements are relative to each other and
still represent the polarimetric response observed during the snow melt experiments.

4.3.2 Serial-sectioning and 3D reconstruction

Generating the 3D LWC models from serial-section images introduces uncertainties
in the spatial distribution of water. To generate the 3D model, each LWC map in the im-
aging plane (x-y axes in Figure 4) was stretched in the cutting direction (z-axis in Figure
4) to represent ~1.5 cm of depth in the model. This resulted in the resolution of LWC in x-
y axes being 10x higher than in the z-axis, though it allowed for the high-resolution detail
of mapped LWC to be maintained. This approach introduces uncertainty in LWC along
the z-axis because the reconstruction assumes the images are representative of LWC
across the 1.5 cm serial-sections. However, this is a reasonable approach because the pen-
etration of NIR light into snow is approximately 1-2 cm [35].

Under laboratory conditions, the LWC retrieval from NIR hyperspectral imaging has
an uncertainty of ~1% LWC by volume [23]. This level of uncertainty could impact the
binarized morphology of the preferential flow paths delineated during LWC threshold-
ing. The incremental threshold changes of 1% LWC, though, resulted in relatively minor
changes to the morphology parameters. The exception to this was at the transition from
0% to 1% (dry to wet snow transition) where there was a large change in binarized mor-
phology (Figure 5). Still, of most relevance to this analysis, the trendlines exhibited in the
morphology parameters were maintained across thresholds ranging from 4-7%, which in-
dicates that the radar response is dominated by areas of increased LWC.

4.3.3 Morphology analysis

The LWC thresholding method used in the morphology analysis simplifies the actual
distribution of LWC in the sample, however, this process was necessary to quantify the
preferential flow path morphology. By visual inspection, the preferential flow path mor-
phology was well represented at thresholds between 4-7% LWC, which is where trends
were found between (079" ¢=ena and the morphology parameters. Although radars oper-
ating at C-band are sensitive to lower LWC values (1-3%), there were no morphology
trends found, suggesting that larger quantities of water dominate the radar response com-
pared to lower values.
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ii.

iii.

iv.

4.4 Outlook for application in the field

Radar frequency plays a large role in the measured response from a snowpack. Pre-
vious field studies used an upward-looking GPR system, which operates at a lower fre-
quency (0.9 GHz) compared to the C-band (7.29 GHz) radar used here. Due to the long
wavelength (~33 cm), GPR systems can penetrate deeper into wet snow, but are less likely
to scatter at features smaller than the wavelength. Although not investigated here, it is
unlikely that preferential flow paths would cause a similar cross-polarized radar response
for GPR. In comparison, C-band radar has a shallower penetration into wet snow, but the
~5 cm wavelength is more likely to scatter at smaller features, which is better suited for
detecting preferential flow paths in the field.

Another important consideration for field applications is the complexity of a seasonal
snowpack, which is not well represented by the homogenous single layer snow samples
analyzed here. Seasonal snowpacks contain stratigraphic layers, ice crusts, and capillary
barriers that can impede the vertical movement of water in a preferential flow path, caus-
ing pooling or horizontal diversion of water away from the upward-looking radar. The
presence of pooling water causes strong single bounce reflections, which would predom-
inately enhance ovv. Additionally, preferential flow paths would need to develop directly
above the radar, making the probability of detection lower. Although there are challenges
associated with field application, collection of polarimetric data in an upward-looking
configuration could help classify more features within the snow volume, that would oth-
erwise be misclassified or missed all together using a single polarization radar.

5. Conclusions

Under controlled laboratory conditions, snow samples were melted by a simulated
solar lamp while being continuously measured with an upward-looking polarimetric ra-
dar. Six snow samples were analyzed that captured the progression of preferential flow
path development with increasing complexity. Using a new hyperspectral serial-section
imaging technique, preferential flow paths were characterized in 3D such that the mor-
phology could be related to the cross-polarized radar signal. We found that:

Within a snow volume, the cross-polarized radar response from an upward-looking
UWB (C-band) radar is sensitive to the development of preferential flow paths.

A new serial-section hyperspectral imaging method, presented here for the first time,
was able to quantify in high resolution the 3D LWC distribution and preferential flow
morphology within a snow sample.

Incremental increases in the development and complexity of the preferential flow
paths (Samples 1-6), as defined by morphology parameters, resulted in an overall
increase of 13.1 dB in (6¥%")t=enq, which ranged from -12.6 to 0.5 dB.

Preferential flow path morphology parameters, including object volume, object sur-
face area, and object separation distance, exhibited linear trends with (6¢/8")¢=eng at
LWC thresholds ranging from 4-7% LWC.

This work demonstrates that there is value in having both co-polarized and cross-
polarized capabilities in an upward-looking radar installation. Co-polarized radar is only
capable of capturing horizontal/perpendicular features in the snowpack, however struc-
tures in other orientations exist, such as preferential flow paths. Cross-polarized radar
provides a supplementary dataset that can be used to better classify radar returns.
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CHAPTER FIVE

CONCLUSIONS AND FUTURE OUTLOOK

The work presented in this dissertation demonstrates the utility of developing remote
sensing methods and assessing the accuracy of snow property retrievals in a controlled
laboratory environment to support larger scale remote sensing studies. For example, the effective
snow grain size retrieval presented in Chapter 2 was near-coincidently assessed against precise
snow microstructure measurements from micro-CT. Due to sample casting and transport
difficulties, this cannot easily be performed on field snow samples. Similarly, previous case
studies had demonstrated LWC retrievals from measured and simulated spectral reflectance,
however the accuracy and optimal wet snow radiative transfer simulation approach could not be
determined in the field. Using the systematic laboratory approach presented in Chapter 3, snow
melt conditions were controlled while in situ LWC measurements were taken, which was used to
generate a large dataset, such that the optimal wet snow radiative transfer inversion approach for
retrieving LWC could be determined.

In terms of upward-looking radar, the laboratory allowed for multiple melt experiments,
whereas field applications require burying the radar underneath the snowpack and limits the
dataset to a single melt season. Additionally, the state of the snowpack cannot be characterized in
the detail obtained in the laboratory. The laboratory upward-looking radar experiments presented
in Chapter 4 were stopped at various stages of melt to characterize the state of the snow sample
for radar interpretation and multiple situations could be assessed relatively quickly. Although
laboratory remote sensing experiments are at a small scale, the remote sensing instrument

response to specific snow conditions directly translates to larger scales.
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While developing and assessing remote sensing instruments in the laboratory has
advantages, there remain limitations and precautions that should be considered. For instance,
optical remote sensing in the laboratory simplifies actual solar illumination conditions found in
the field, where direct and diffuse light need to be accounted for. Additionally, scattering in the
atmosphere is neglected in the laboratory, whereas atmospheric corrections are needed to get
accurate field reflectance data. In terms of radar remote sensing, the complexities of a natural
heterogenous snowpack, which impact radar volume scattering, cannot be well represented in
prepared laboratory snow samples. For example, a natural seasonal snowpack contains multiple
stratigraphy layers, which have large horizontal and vertical spatial variations in snow grain size,
grain shape, crusts, ice lenses, and LWC that likely collectively play a role in the volume
scattering component. Smaller laboratory snow samples, on the other hand, are prepared by
sieving snow into a container in an attempt to mimic a natural snowpack, but typically only
capture a subset of the complexities found in a natural snowpack.

For future work, the remote sensing methods developed in the laboratory and presented in
this dissertation should be evaluated further for field applications. The hyperspectral imaging
retrieval methods presented in Chapters 2 and 3 were tested in the field by imaging a vertical
profile of a snowpit sidewall, but another obvious extension of this work would be to mount the
imager to an uncrewed aerial vehicle (UAV) to map surface snow properties. High resolution
grain size and LWC maps at the hillslope to watershed scales could be used to investigate
topography impacts on albedo and LWC distribution. This could be useful for ground truthing

coarser-scale satellite remote sensing retrievals because a single flight can map spatial variability
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across satellite pixels, supplementing or replacing current methods that compare to point
measurements (e.g., Bair and others, 2019).

The polarimetric upward-looking radar and 3D LWC retrieval datasets, presented in
Chapter 4, could be used in the future to test 2D and 3D water infiltration models (Hirashima and
others, 2014, Hirashima and others, 2017). The experimental datasets consist of a characterized
initial effective grain size distribution, continuous snowmelt timing from the radar
measurements, and the final state of 3D LWC distribution from the hyperspectral imager, which
are critical parameters for initializing and analyzing the results of these types of models.
Additional experiments using this established methodology could be conducted to test the model
against more complex stratigraphic layers including crusts and capillary barriers. Polarimetric
radar in an upward-looking configuration should also be tested in the field in future studies to
investigate the effects from complex and heterogenous stratigraphic layering in a natural
snowpack.

In addition to demonstrating the value of method development in a controlled laboratory,
the work presented in Chapter 4 highlights the utility of using a multi-sensor fusion approach to
snow remote sensing. Remote sensing instruments, passive and active, operate at specific
frequency ranges that have characteristic responses to physical properties in a snowpack, each of
which have unique advantages and disadvantages. Recognizing this, the multiyear NASA
SnowEXx campaign aims to characterize the performance of multiple sensors and to identify
synergies between them to find the optimal suite of sensors for global snow cover monitoring at
the satellite-borne scale (Durand and others, 2019). Fusing data products from optical and radar

remote sensing methods provide surface properties, that are critical for snow melt timing, and
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volumetric properties, that are critical for SWE and LWC estimates, which combined are critical

for monitoring and forecasting water resources held in the form of snow.
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APPENDIX A

SUPPLEMENTARY TABLE 1. EFFECTIVE GRAIN RADIUS LOOKUP TABLE

(0° ILLUMINATION ANGLE)



Supplementry Table 1.
Effective Grain Radius Lookup Table

(0° lllumination Angle)

Effective Scaled
Grain Radius Band Area

(re) (um) (Ap)
30 0.565
40 0.641
50 0.710
60 0.777
70 0.842
80 0.903
90 0.962
100 1.017
150 1.247
200 1.428
250 1.583
300 1.722
350 1.848
400 1.965
450 2.072
500 2.174
550 2.270
600 2.359
650 2.443
700 2.525
750 2.602
800 2.675
850 2.746
900 2.813
950 2.880
1000 2.939
1050 2.998
1100 3.057
1150 3.115
1200 3.169
1250 3.219
1300 3.269
1350 3.321
1400 3.368
1450 3.415
1500 3.460
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