https://doi.org/10.5194/egusphere-2026-3105
Preprint. Discussion started: 28 August 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

Technical note: Comparison of Modeled Snow Permittivity
and Density Estimates of Shallow, Wet Snowpacks using UAS-
Lidar and UAS-GPR Observations

Minsun Kang'?, Adam Hunsaker'?, Mahsa Moradi'?, Dan R. Glaser®, Jennifer M. Jacobs'*?

5 ! Department of Civil and Environmental Engineering, University of New Hampshire, Durham, NH, USA
2 Earth Systems Research Center, Institute for the Study of Earth, Oceans, and Space, University of New
Hampshire, Durham, NH, USA
3 Near-Surface Geophysics Group, US Army ERDC Cold Regions Research and Engineering Laboratory,
Hanover, NH, USA

10 Correspondence to: Minsun Kang (MinSun.Kang@unh.edu)

Abstract. Seasonal snow density is a key determinant of snow water equivalent (SWE) and melt dynamics.
However, characterizing its spatiotemporal variability is challenging, particularly in the shallow, ephemeral
snowpacks of the eastern United States. This study evaluates the potential of integrating Ground Penetrating Radar
(GPR) and LiDAR onboard an Uncrewed Aerial System (UAS) to assess the applicability of dielectric permittivity
15 models for density retrieval in a transitional melt environment. Three field surveys were conducted at Kingman
Farm, New Hampshire, where we collected UAS-GPR and in situ measurements of snow depth, density, and
liquid water content (LWC) across open and sheltered fields between late February and early March, 2025.
LiDAR-derived snow depth and GPR travel time were used to retrieve snow permittivity; these values were
compared against theoretical estimates derived from seven dielectric models, including the physically-based
20 Complex Refractive Index Model (CRIM) and six empirical formulations that account for snow wetness. Field
observations revealed a rapid transition from dry to wet snow, with GPR-derived permittivity exhibiting a non-
linear increase as LWC exceeded 3—4%. Comparisons showed that the physically based CRIM and the empirical
Lundberg and Denoth models achieved comparably close agreement with GPR-derived permittivity (r = 0.70—
0.71, RMSE = 0.35). The remaining empirical models showed moderately larger error (RMSE = 0.40-0.48), while
25  the Webb model showed weaker agreement (r = 0.54, RMSE = 0.79). These findings suggest that while empirical
relationships performed reasonably well in transitional snowpacks outside the regions where they were
established, applying physically-based models to UAS-GPR data offers an alternative and promising pathway for

characterizing bulk snow properties in hydrologically complex environments.
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1 Introduction

30 Snowpacks play a critical role in the Earth’s water cycle, influencing land—atmosphere energy exchanges
(Lehning, 2013; Thackeray et al., 2018) and the availability of water resources (Barnett et al., 2005; Hale et al.,
2023). Snowpacks undergo accumulation, densification, and melt phases and have distinct properties that evolve
throughout the winter season (Cheng et al., 2025; Judson & Doesken, 2000). In recent years, understanding and
modeling hydrological processes has increasingly required observations of snow conditions across space and time
35 (Jennings et al., 2018; Robinson et al., 1993).
Snow density is a fundamental physical property governing snowpack dynamics and evolution (Sturm et al., 2010)
and is required, in combination with snow depth, to quantify snow water equivalent (SWE). It evolves
continuously through snow metamorphism, that alters crystal size and shape, melt-refreeze cycles and compaction
typically lead to progressive densification throughout the season (Pinzer and Schneebeli, 2009). Snow density
40 exhibits significant spatial and temporal variability across different snowpack types and climate regions, which
challenges the generalization of density information (Bormann et al., 2013; Zhao et al., 2023).
Measuring snow density using traditional in situ methods is destructive, labor-intensive, and yields sparse point
observations that fail to capture the spatial heterogeneity of the snowpack. Recent studies have successfully
derived snow density and SWE across space by using ground-based Ground Penetrating Radar (GPR) and
45 exploiting the dependence of two-way travel time (TWT) on the relative dielectric permittivity of the snowpack
(Bonnell et al., 2021; Mannello et al., 2025; McGrath et al., 2022). A powerful emerging approach is to combine
ground-based GPR with Uncrewed Aerial Systems (UAS) lidar or photogrammetry observations of snow depth
(Tan et al., 2017; Valence et al., 2022). Uncrewed Aerial Systems (UAS) provide a flexible and cost-effective
platform for environmental data acquisition (Verfaillie et al., 2023; Whitehead et al., 2014). When instrumented
50 with LIDAR or optical sensors, they can generate high-resolution maps (~ 1 m) of snow depth (Cho et al., 2025;
Harder et al., 2020), enabling combine with other datasets. However, UAS snow depth does not directly constrain
bulk density or liquid water content (LWC), limiting the ability to accurately estimate SWE or characterize the
thermodynamic state of the snowpack. To address this limitation, Ground Penetrating Radar (GPR) is widely used
as a complementary non-destructive technique to retrieve snowpack properties by analyzing the two-way travel
55 time (TWT). One challenge to this approach is that interpreting a GPR signal response is often confounded by the
complex dielectric influence of liquid water content (LWC).
Previous studies have successfully employed ground-based GPR to derive snow density and SWE by exploiting
the dependence of TWT on the relative dielectric permittivity of the snowpack. To date, most GPR applications
have focused on cold, deep, and predominantly dry snowpacks in alpine and high-latitude environments (Bonnell
60 et al., 2023; Bradford et al., 2009; McGrath et al., 2022; Webb et al., 2018; Wilhelms, 2005). In these settings,
LWC is negligible, and snow permittivity can be reasonably approximated as a two-phase mixture of ice and air.
Consequently, inversion approaches developed for such conditions implicitly assume a relatively simple and
temporally stable electromagnetic regime, where permittivity variations primarily reflect changes in density.
In contrast, shallow and wet snowpacks, common in transitional and ephemeral snow regions, depart
65 fundamentally from these assumptions. Even small volumetric fractions of liquid water substantially increase bulk
permittivity because the dielectric constant of water is an order of magnitude larger than that of ice or air (Tiuri

et al., 1984). This introduces strong nonlinearity in the relationship between TWT, density, and LWC, as well as
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increased attenuation and signal dispersion. To account for the influence of liquid water, several empirical and
semi-empirical formulations have been proposed (Kendra et al., 1994; Lundberg and Thunehed, 2000; Tiuri et al.,
70 1984; Webb et al., 2021). However, these parameterizations were derived under controlled laboratory settings or
site-specific field conditions, typically for deeper, seasonal snowpacks. They have rarely been evaluated in
shallow, spatially heterogeneous, and dynamically wet snowpacks, and their reliability is not well constrained.
The transferability of fitted coefficients across different snow climates or melt stages remains unknown.
A potential alternative to current empirical relationships is the Complex Refractive Index Model (CRIM), a
75 physically based dielectric mixing formulation derived from the general Lichtenecker—Rother expression
(Simpkin, 2010). CRIM estimates effective permittivity as a volumetric mixture of constituent phases without
requiring snow-specific calibration parameters. The model has been widely applied in consolidated and
unconsolidated porous materials where air, solid, and liquid phases coexist within heterogeneous pore structures
(Ajo-Franklin et al., 2004; Arcone & Boitnott, 2012; Glaser et al., 2012; Endres and Knight, 1992; Glaser et al.,
80 2022b). Yet, despite its extensive use in other multiphase porous media, CRIM has not been evaluated for
snowpacks, particularly not for shallow, wet snow typical of temperate regions such as the eastern United States.
Snowpacks represent a highly porous, multiphase medium analogous to partially saturated soils, where air, ice
(solid), and liquid water coexist within a dynamic evolving pore structure (Artemov, 2019; Garcia and Glaser,
2025). Assessing the applicability of a physically based mixing model in this underrepresented snow regime
85 therefore represents a critical step toward extending GPR-based SWE estimation beyond the cold, dry conditions
that have dominated prior research.
Given these complexities and limitations of prior studies, this study investigates the feasibility of UAS-LiDAR
snow depth and UAS-GPR to acquire spatially distributed snowpack depth and TWT and derive relative dielectric
permittivity in shallow, wet snow conditions. The specific objectives of this work are to: 1) characterize the
90 spatiotemporal variability of snow depth, density, and LWC based on in situ measurements; 2) assess the
relationship between GPR-derived permittivity and in situ snow properties; and 3) evaluate the applicability of
empirical and physical models for retrieving snow density in shallow, wet seasonal snowpacks. The study also
presents a novel non-destructive, Federal Communications Commission (FCC) compliant UAS platform for

collecting co-located GPR TWT and the LiDAR-derived snow depth measurements.

95 2 Study Area

In situ measurements were conducted at Kingman Research Farm in Durham, New Hampshire, USA (43.168—
43.177°N, 70.920-70.935°W; Fig. 1). The study area encompasses approximately 360 acres of mixed agricultural
and forested areas. The study area lies within a transitional snow regime (Johnston et al., 2024), an intermediate
class between persistent seasonal snow and short-lived ephemeral snow, characterized by shallow, wet, and highly
100 variable snow cover with frequent midwinter melt events and repeated snow on—off cycles. This study specifically
focused on two contrasting site conditions to evaluate UAS-GPR performance under varying microclimate and
snowpack conditions: an open pasture field (OP) and a sheltered field (SF). OP is a largely exposed pasture
characterized by high solar radiation, bounded by a mixed deciduous-coniferous forest to the north. In contrast,

SF is a smaller, forest-sheltered field with reduced solar exposure, surrounded by tall coniferous and deciduous



https://doi.org/10.5194/egusphere-2026-3105

Preprint. Discussion started: 28 August 2026 EG U A
© Author(s) 2026. CC BY 4.0 License. Sp here
E Preprint repository

BY

105 trees. The forest canopy attenuates direct solar irradiance and reduces wind exposure, resulting in a more shaded
and sheltered environment compared to OP.
During the UAS-GPR observation period from January to March 2025, the study site experienced a clear seasonal
transition in hydrometeorological conditions (Fig. S1). Daily air temperatures remained predominantly below 0°C
through January and mid-February, followed by a warming trend beginning in late February. This transition

110 coincided with a pronounced increase in incoming solar radiation, reflecting seasonal progression and increasing
solar elevation angles toward early spring. Several precipitation events occurred throughout the period. Notably,
precipitation during the interval between the first (Feb. 25) and second (Mar. 4) UAS surveys consisted
exclusively of snowfall, whereas events between the second and third (Mar. 9) surveys consisted primarily of

mixed-phase precipitation, reflecting a transition from snow to rain.
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Figure 1: (a) Map of the Kingman Farm study area in Durham, New Hampshire, illustrating UAS-GPR and LiDAR
flight lines and locations of in situ measurements. The study area comprises two distinct field types: (b) a sheltered field
(SF; top right) and (c) an open pasture field (OP; bottom right).

3 Materials & Methods
120 3.1 In situ measurements

Three UAS-GPR surveys were conducted concurrently with in situ snow measurements on February 25, March
4, and March 9, 2025. Measurements were taken at 30 spatially distributed points (20 in the OP and 10 in the SF)
during each survey date at 10 m intervals. Snow depth was measured at each point using a snow probe, and bulk
density was obtained from nearby snow pits by weighing snow samples on a field scale. LWC was measured with
125 a Snow Fork, with three repeated readings per point to ensure data reliability; the average value was used for

analysis.
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3.2 Uncrewed Aerial System (UAS) observations
3.2.1 Ground Penetrating Radar (GPR) measurements and processing

A pulsed GPR antenna and control unit were mounted on a heavy-lift DJI Matrice 600 Pro for UAS operation.

130 The GSSI Inc. GPR system was comprised of a shielded monostatic 900 MHz antenna and a SIR-4000 control
unit (used to define radar parameters and log the observations). Each radar pulse was configured to be sampled
512 times over a duration of 40 ns. This sampling duration allowed the radar wave to propagate through the
shallow snowpack and into the underlying soil, with 512 samples being sufficient to resolve the respective snow—
air and snow—ground horizons while maintaining a high spatial density (~1 GPR scan per cm).

135 Real-Time Kinematic (RTK)—corrected positions, needed for accurate georeferencing of GPR scans, were
obtained from an Emlid M2 GNSS receiver mounted on the UAS platform. An Emlid RS2+ was used as a
stationary base station, with corrections being sent to the UAS receiver over a radio link. RTK-corrected positions
of the UAS platform were sampled at a frequency of 5 Hz and streamed to the SIR-4000 over a serial cable for
georeferencing GPR observations. Considering the UAS flight speed (2 m/s), GPR traces per second (177

140 traces/s), and the position sampling rate (5 Hz), two sampled positions were obtained per meter along the flight
path. Coordinates of each trace were then obtained by interpolation.

To satisfy FCC regulations limiting air-coupled GPR to close proximity to the ground, a true terrain module was
integrated into the UAS platform. The true terrain module was provided by SPH Engineering and uses a laser
altimeter to continuously monitor flight altitude and automatically adjust the flight controls to maintain a user-

145 defined altitude. An altitude of 1 m was used here to comply with regulations and to limit radar attenuation through
the air.

Several post-processing steps were applied to improve interpretation of the GPR radargrams. Data collected
during takeoff and landing were first removed, followed by truncation of the first 100 samples of each trace to
eliminate direct reflections and air-path returns. Background removal and adaptive gain were then applied to

150 suppress static noise and enhance reflections. Deconvolution was used to mitigate banding artifacts caused by
repeated and delayed reflections of the same horizons. Finally, a semi-automated picking algorithm was used to
identify the snow—air and snow—ground horizons, enabling calculation of TWT used to derive snow properties.
The relative permittivity (¢) of the snowpack was calculated by integrating GPR TWT measurements with the co-
located LiDAR-derived snow depth (details in Section 3.2.2). First, the effective radar propagation velocity (v)

155 within the snow layer was calculated as:

oxd)
v= XdLiDAR 0

T
where dj;par is the snow depth obtained from the processed LiDAR and T is the two-way travel time (TWT) of
the radar signal reflected from the snow—ground interface. Using the calculated velocity, the relative dielectric
permittivity was subsequently derived from the electromagnetic wave propagation relationship:

160 e=(9) @)

V.

where c is the speed of light in a vacuum (=0.3 m/ns). The resulting relative permittivity represents the vertically
averaged dielectric property of the snowpack and is subsequently compared against in situ measurements and

permittivity values modeled from in situ density and LWC.
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More generally, the electromagnetic behavior of snow is described by a complex permittivity (& *), which
165 accounts for both energy storage and energy loss within the medium (von Hippel and Morgan, 1955) . In phasor

form this can be written as:
ex=¢ —i&" 3)

where €’ is the real permittivity, which governs energy storage and wave propagation velocity, and &' is the

imaginary permittivity, which represents dielectric loss. The ratio of these components is commonly expressed as
170 the loss tangent, tan § =€’ /¢’

In conductive and multiphase media, the imaginary component includes a contribution from electrical

conductivity, such that:

ex=¢ —i (s"d + L) “)

wegy

where &, represents the dielectric loss, ¢ is the conductivity, w is the angular frequency, and &, is the

175 permittivity of free space. Thus, bulk electromagnetic behavior depends not only on phase-dependent dielectric
storage, but also on dissipative processes associated with liquid water content, phase connectivity, and electrical
conduction (Schon, 2015). Because the permittivity estimated in this study is derived from radar wave velocity
using two-way travel time, the resulting values primarily reflect the real component of the bulk electromagnetic
response.

180 The relative contributions of dielectric storage and conductive loss are frequency dependent. As noted above, all
GPR measurements in this study were acquired using a 900 MHz antenna; therefore, the permittivity values
reported here represent the effective dielectric response at this frequency. As a result, the inferred bulk properties
reflect frequency-specific electromagnetic behavior and may differ from those observed at lower or higher
frequencies. Additionally, these measurements represent instantaneous conditions along each radar transect,

185 implicitly assuming that temporal changes in pore structure, phase distribution, and temperature are negligible

over the acquisition period, while spatial variability is resolved within the radargrams.

3.2.2 LiDAR measurements and processing

High-resolution snow depth observations were acquired using a UAS LiDAR platform following each UAS-GPR
survey. The LiDAR payload used here was the Phoenix miniRanger3-lite. This payload integrates the RIEGL

190 miniVUX-3 laser scanner and the NovAtel OEM7 INS. Horizontal and vertical accuracies were assessed for each
LiDAR survey using five ground control points (GCPs) placed throughout the survey area. Each GCP was
surveyed using an Emlid RS3, obtaining RTK corrections from an on-site GNSS base station (Emlid RS2+).
Horizontal accuracies were within =1 cm, and vertical accuracies were within £2.5 cm. For each survey, a double-
grid flight pattern was flown at an altitude of 100 m and a flight speed of 7 m/s.

195 Post-processing of the acquired UAS LiDAR data was performed using the SpatialExplorer 9.0.1 software
package provided by Phoenix LiDAR Systems. The trajectory of each UAS survey was differentially corrected
using GNSS observables collected by the on-site base station. Automatic boresighting and trajectory optimization
routines were applied to ensure accurate sensor alignment and reduce processing artifacts. Ground points were

identified using an implementation of the Progressive TIN Densification algorithm and subsequently gridded at a
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200 50 cm resolution. Snow depth maps were then generated by differencing snow-on and snow-free digital elevation
models (DEMs). Bilinear interpolation resampling was used to align the snow-free and snow-on grids prior to

differencing. This was done in an effort to reduce alignment artifacts resulting from resampling.

3.3 Permittivity models

To quantitatively evaluate the performance of the UAS-GPR system, the retrieved radar-derived permittivity were
205 compared against six dielectric permittivity models using in situ measurements (snow density and LWC) (Mitterer
et al., 2011; Webb et al., 2021). Only permittivity (¢) models that include the effect of both LWC (8,,,) and snow
density (pg) were considered. Specifically, we evaluated empirical relationships derived by (Denoth, 1997; Kendra
etal., 1994; Lundberg and Thunehed, 2000; Sihvola and Tiuri, 1986; Webb et al., 2021), alongside the relationship
used by A2 Photonic Sensors (2019) (Table 1). These empirical models were assessed together with the physically
210 based CRIM to determine the suitability of existing parameterizations for characterizing shallow, wet snowpacks
in our study region.
Empirical relationships are commonly used to relate the dielectric constant of snow to its physical parameters,
such as density and LWC. Sihvola and Tiuri (1986) provided a model where the real part of snow permittivity is
a function of dry snow density and volumetric water content at 1 GHz. Similarly, Denoth (1997) developed a
215 simple monopole-antenna probe to measure LWC in snow and soils in situ by inverting the antenna input
impedance over a 0.2-2 GHz frequency range to retrieve the effective permittivity of the surrounding medium.
Kendra et al. (1994) developed a coaxial cavity snow probe that measures the complex dielectric constant in situ
and derived semi-empirical relationships to retrieve LWC and snow density with improved accuracy. Lundberg
and Thunehed (2000) showed that an LWC of about 5% changes the empirical coefficient used to convert radar
220 travel time to SWE by approximately 20% compared to dry snow. Recent evaluations by Webb et al. (2021)
addressed the applicability of these classic models for low-frequency radar and proposed revised empirical

coefficients for dry and wet seasonal snowpacks.
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The CRIM is implemented in this study as a physically based dielectric mixing model for estimating the effective

permittivity of snow. In the generalized Lichtenecker-Rother form, the effective permittivity is written as:
gy = Vo£d + Vil + Vel S

230 where V,, V;,and ¥, are the volume fractions of air, ice, and liquid water, &,, €;, and ¢, are their corresponding
dielectric permittivities, and « is a dimensionless exponent that reflects bulk geometric and connectivity effects.

Setting @ = 0.5 reduces this expression to the CRIM formulation,

Veer = Vanfeq + V[ + Voo Jew (6)

which corresponds to an effectively isotropic medium (Simpkin, 2010).

235 Previous comparisons of dielectric mixing laws show that fixing a = 0.5 provides stable estimates of effective
permittivity across broad phase proportions and avoids the nonuniqueness that can occur when « is treated as a
free parameter (Simpkin, 2010). Under conditions where pore geometry and phase connectivity are not
independently constrained, CRIM performs as well as or better than alternative formulations, including parallel,
series, cubic, and unmodified Lichtenecker-Rother mixing laws (Ajo-Franklin et al., 2004; Glaser et al., 2012,

240 2022a; Ledo et al., 2015).

Modified Lichtenecker-Rother formulations can outperform CRIM in controlled laboratory settings when
additional geometric weighting terms and end-member measurements are available (Glaser et al., 2022a).
However, such detailed constraints are not available in the UAS-GPR dataset. Under these conditions, CRIM
provides a physically consistent and practically implementable framework for relating bulk permittivity to phase

245 volumetric fractions. Accordingly, CRIM is adopted here as the primary theoretical model for linking GPR-

derived permittivity with snow density and LWC.

4 Results and Discussion
4.1 Field observations of snow depth, density, and wetness

The three field surveys were conducted after peak snow from the end of February to early March. The period had

250 a range of temperature and solar radiation conditions that resulted in intermittent freezing and thawing conditions
(Fig. S1). Precipitation during the interval between the first and second surveys consisted exclusively of snowfall,
whereas the period between the second and third surveys was characterized by mixed-phase precipitation which
transitioned from snow to rain.
Figures 2 and 3 show in situ measurements of snow depth, density, and LWC along the OP (20 points) and SF

255 (10 points) transects, respectively, for the three survey dates (25 February, 4 March, and 9 March 2025). On
February 25", snow conditions were relatively dry and the snowpack depth and density were fairly consistent at
both locations. The mean snow depth was 31.8 + 2.3 cm in the OP and 38.3 + 1.4 cm in the SF, with no spatial
gradients evident along either transect. Snow density was relatively low for both transects (0.25 + 0.03 g/cm? at
OP and 0.28 = 0.03 g/cm? at SF), and LWC was below 2% at most sampling points.

260 By March 4" differences between the OP and SF transects had emerged. At the OP, mean snow depth decreased
from 31.8 cm to 20.7 cm (& 2.3), while the mean density increased to 0.40 g/cm? (+ 0.05) and the LWC ranged
from 0.3 to 3.6%. At the SF, snow depth had also decreased by about 10 cm (27.6 + 3.8 cm), with greater spatial
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variability. The increase in mean density to 0.37 g/cm® was similar to the OP. LWC showed a south-to-north
gradient, with lower values at the south of the transect and higher values toward the north, and a mean of 2.65%.
Between the March 4™ and March 9™ flights, temperatures increased to above freezing and there was 7.7 cm of
rain. On March 9%, the OP had a shallow (7.6 cm), wet (4.3%), and dense (0.42 g/cm?) snowpack with favorable
conditions for melting. The SF retained more snow with a mean depth of 16.5 cm, but a comparable density (0.40
g/cm?). However, the OP site had a broader density range due to prolonged exposure leading to greater compaction
in some areas. In contrast, the SF site showed a more stable density distribution. Across all dates, relative depth

patterns along each transect were consistent (i.e., locations that were initially deeper tended to remain deeper).
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Figure 2: Spatial distribution of snow depth, snow density, and snow wetness (liquid water content; LWC) measured
at Kingman Farm (OP) on February 25", March 4%, and March 9% 2025.
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Figure 3: Spatial distribution of snow depth, snow density, and snow wetness (LWC) measured at Kingman Farm (SF)
on February 25", March 4, and March 9™ 2025.

280

4.2 Relationships between permittivity and snow properties

Figure 4 shows the relationships between GPR-derived dielectric permittivity and in situ snow properties
measured at Kingman Farm. Permittivity generally decreased with increasing snow depth, indicating that
shallower snowpacks had higher dielectric responses, particularly during the early-March melt at OP. In contrast,
285 a positive relationship was observed between permittivity, snow density, and LWC. This pattern was consistent
across both fields and survey periods, suggesting that snow density and LWC were the primary drivers of dielectric
variability under open and sheltered conditions. The relationship between permittivity and LWC was nearly
constant for LWC below 2%, whereas it increased sharply when LWC exceeded 3—4%, reflecting the transition
from dry to wet snow. This nonlinear increase in permittivity with increasing liquid water content is consistent
290 with volumetric mixing behavior observed in other partially saturated porous media, where small increases in
conductive fluid fraction disproportionately influence bulk electromagnetic properties (Garcia and Glaser, 2025;
Glaser et al., 2022b; Glaser et al., 2023). As described in Section 3.2.1, the permittivity derived from travel-time
measurements primarily reflects the real component of the snowpack’s complex dielectric response; however,
increasing liquid water content may also enhance conductive pathways and associated loss mechanisms,
295 contributing to the imaginary component of permittivity and, in turn, to increased signal attenuation.
The three survey dates showed distinct dielectric values, corresponding to snow conditions that evolved from
relatively dry to increasingly wet conditions (Fig. S1). On February 25%, the low permittivity values were
consistent with a relatively dry snowpack. Although daily mean air temperature reached about +5 °C on February
25, freezing conditions (< 0 °C) persisted before that date, increasing the energy needed for ripening and melting,

300 Therefore, the snowpack measured on February 25" was likely dry, as the short warming phase was insufficient

11
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to initiate liquid water formation within the snow layer. By March 4%, daily air temperatures had risen to near 0
°C, accompanied by an increase in solar radiation, which initiated partial surface melting and led to slightly higher
permittivity in the shallower snow. On March 9™, when the mean air temperature exceeded 5 °C and additional
precipitation had occurred, LWC increased to 4-5%, producing a rapid rise in permittivity (around 4).
305 Consequently, permittivity decreased with increasing snow depth, indicating that the shallow snowpacks became

wetter while the deeper ones remained relatively cold and dry.
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310 Figure 4: Relationships between GPR-derived permittivity and snow properties (snow depth, density, and wetness)
measured at Kingman Farm. Each colored symbol represents an individual observation from OP and SF with colors
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reflecting the survey date. Black symbols indicate the mean values for each site/date group, with horizontal and vertical
error bars showing one standard deviation of the x- and y-variables, respectively.

4.3 Comparison of Permittivity Models

315 Figure 5 compares GPR-derived permittivity values with those estimated from the six empirical models and the
physically based model (CRIM). Across all models, the correlation coefficients ranged from 0.54 to 0.71, and the
root mean square errors (RMSE) from 0.35 to 0.79, indicating moderate to strong linear relationships with model-
dependent bias patterns. Among the empirical models, the Lundberg (r = 0.71, RMSE = 0.35) and Denoth (r =
0.70, RMSE = 0.35) models performed best, followed by A2 and Kendra. The Sihvola model exhibited slightly

320 larger deviations, particularly at higher permittivity. The Webb model yielded markedly lower agreement (r =
0.54, RMSE = 0.79), underestimating permittivity for wet-snow conditions. The CRIM model (r=0.71, RMSE =
0.35) performed well relative to the empirical models across the full range of observed permittivity, showing
minimal bias over dry and wet conditions. These results suggest that, although all models reproduced the general
trend of GPR permittivity, their accuracy varies depending on their formulation and calibration environment.

325 The performance differences among models in Fig. 5 can be explained by their structural assumptions and
calibration ranges. The Sihvola model tends to underestimate permittivity relative to GPR measurements, likely
because its original calibration was limited to dry or slightly wet snow (LWC < 0.05), making it less representative
of the transitional wetness observed in this study. The Denoth model, originally developed for Alpine snow with
densities of 0.48-0.58 g/cm?, reproduced most field conditions well, but also underestimated permittivity under

330 wetter, high-density conditions observed on March 9™ at the OP. The Webb model underestimated permittivity,
which likely reflects the model’s empirical calibration under isothermal wet-snow conditions with permittivity of
1.15-2.83. These conditions differed from the transitional and partially wet snow conditions observed at Kingman
Farm. Webb et al. (2021)’s finding that their model behaves similarly to the Sihvola model under lower LWC
agrees with this study’s results. In contrast, the Lundberg formulation, based on a three-phase dielectric mixing

335 approach (air—ice—water), performed comparably to CRIM, as both capture the increase in permittivity with LWC
through volumetric mixing of snow.

The CRIM model reproduced the GPR-derived permittivity well across both dry and wet snow conditions. Unlike
the empirical models, CRIM calculates bulk permittivity from the volumetric fractions. In this study, CRIM
assumes that the snowpack behaves as a three-phase medium in which air, ice, and water are the volumetric

340 components. This physically based structure allows the model to adapt to variations in snow density and LWC
without site-specific calibration. Furthermore, CRIM’s square-root dependence on phase fractions was able to
capture our field data’s nonlinear relationship between permittivity and LWC (Fig. 4), enabling a realistic

representation of the observed snow conditions.
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345 Figure 5: Comparison between GPR-derived permittivity and modeled permittivity from seven permittivity models:
(a) Sihvola and Tiuri (1986), (b) Denoth (1997), (c) Webb et al. (2021), (d) Kendra et al. (1994), (e¢) Lundberg &
Thunehed (2000), (f) A2 Photonic Sensors, and (g) complex refractive index model (CRIM). The black line indicates
the 1:1 reference, and the red line shows the regression line.

4.4 CRIM Modeled relationships between permittivity, density, and wetness

350 To examine whether our observed combinations of permittivity, density, and liquid water content reflect
physically reasonable snow wetness states, we compared the field measurements with CRIM-modeled curves for
snow densities ranging from 0.1 to 0.7 g/cm? (Fig. 6). Figure 6 highlights two important aspects of the CRIM
model. First, the CRIM model curves exhibit physically consistent behavior. Bulk permittivity increases
monotonically as volumetric liquid water content increases and, for a given water fraction, increases with snow

355 density. Second, the observations closely align with the CRIM modeled values, with only a few observations
deviating from the modeled range. For example, the March 9" OP observation, LWC ~ 5% and GPR-derived
permittivity = 3.7, had a field density that was less than half CRIM’s modeled density. Mapped density
differences (Figure S2) show that this location’s in-situ density was lower than that observed at surrounding
locations. The shallow depths on this date likely made it difficult to obtain highly accurate density measurements

360  using a snow tube.
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Figure 6: Relationship between permittivity, LWC, and snow density for OP and SF sites. Solid lines represent CRIM-
derived curves for densities ranging from 0.1 to 0.7 g/cm?, and circles indicate in situ measurements.

The relationship between in situ snow density and CRIM-derived density exhibited differences across the two
365 distinct transects (Fig. 7). At the OP, the data points showed a weaker linear correlation across a wider range of
density (r = 0.43, RMSE = 0.14 g/cm?®), while the SF were more clustered and consistent points (r = 0.61, RMSE
=0.12 g/cm?®). The density differences in OP were pronounced when LWC exceeded 4%. This pattern is consistent
with observations from Bonnell et al. (2021), who showed that radar velocity is more sensitive to LWC than to
density, especially when preferential flowpaths create high heterogeneity. Under these conditions, bulk LWC
370 measurements fail to capture the non-uniform water distribution within the snowpack. Consequently, this
discrepancy may have caused CRIM-derived estimates to diverge from in situ measurements as LWC increases,
particularly in the more exposed open environment. In contrast, the SF exhibited higher consistency, which can
be attributed to the influence of the forest canopy. According to Roth and Nolin (2017), canopy cover substantially
reduces wind speeds and suppresses turbulent fluxes, contributing to a more stable snowpack. This sheltered
375 environment maintains a less variable snow structure, allowing more reliable density estimates at the SF site. In

this site, the CRIM model overestimated the range of density values compared to the observed densities.
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Figure 7: Comparison between CRIM-derived snow density and in situ measured density at (a) OP and (b) SF sites.

5 Summary and Conclusion

This study evaluated the dielectric characteristics of shallow, wet snowpacks measured on three dates in two
different field environments using co-located GPR TWT and the LiDAR-derived snow depth observations from
a novel non-destructive, FCC compliant UAS platform. Over the three survey dates, mean snow depth decreased
from about 32 to 8 cm at the open pasture and from 38 to 17 cm at the sheltered field, while mean density increased
from 0.25-0.28 to 0.40-0.42 g/cm?. From the relationship between snow properties and relative permittivity, we
found that relative permittivity decreased with snow depth but increased with both snow density and LWC,
indicating that density and liquid water in the snowpack were the primary controls on the dielectric response in
these shallow, wet snowpacks. In the snow density model comparison, the CRIM, Lundberg, and Denoth models,
which were developed to represent the dielectric behavior of snow as a mixture of air, ice, and water, showed the
closest agreement with GPR-derived permittivity (r = 0.706, 0.706, 0.699, respectively), whereas models
calibrated primarily for dry snow or narrowly defined wet-snow regimes underestimated permittivity in these
shallow, wet snowpacks. While the modeled values showed reasonable agreement with the GPR-derived
permittivity for these shallow, wet snowpacks, it was challenging to distinguish whether observed permittivity
changes were driven by changes in snow density or by changes in LWC. Key priorities for future work would
therefore be to (1) collect UAS-GPR observations under dry-snow conditions to establish a dielectric baseline,
and (2) target periods when snow depth and SWE remain relatively stable but LWC increases, so that permittivity

changes associated with wetting can be isolated.

Code and data availability

The datasets generated and analyzed during this study were collected as part of a U.S. Department of Defense-
supported research project and are currently subject to sponsor review and approval requirements. As a result, the
in situ field observations and associated processing workflows are not presently available in a public repository.

The authors are working with the sponsoring agency to determine what data products and code components may
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be released during the manuscript review process. Subject to sponsor approval, a subset of the processed datasets

and analysis scripts sufficient to reproduce the published results will be made publicly available.
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