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The presence and thickness of snow overlying lake ice affects both the timing of melt and ice-
free conditions, can contribute to overall ice thickness through its insulative capacity, and
fosters the development of variable ice types. The use of UAVs to retrieve snow depths with
high spatial resolution is necessary for the next generation of ultra-fine hydrological models, as
the direct contribution of water from snowon lake ice is unknown. Such information is critical to
the understanding of the physical processes of snow redistribution and capture in catchments
on small lakes in the Arctic, which has been historically estimated from its relationship to
terrestrial snowpack properties. In this study, we use a quad-copter UAV and SfM principles to
retrieve and map snow depth at the winter maximum at high resolution over a the freshwater
West Twin Lake on the Arctic Coastal Plain of northern Alaska. The accuracy of the snow
depth retrievals is assessed using in-situ observations (n � 1,044), applying corrections to
account for the freeboard of floating ice. The average snow depth from in-situ observations
was used calculate a correction factor based on the freeboard of the ice to retrieve snowdepth
from UAV acquisitions (RMSE � 0.06 and 0.07m for two transects on the lake. The retrieved
snow depth map exhibits drift structures that have height deviations with a root mean square
(RMS) of 0.08m (correlation length � 13.8m) for a transect on thewest side of the lake, and an
RMS of 0.07m (correlation length � 18.7m) on the east. Snow drifts present on the lake also
correspond to previous investigations regarding the variability of snow on lakes, with a
periodicity (separation) of 20 and 16m for the west and east side of the lake, respectively.
This study represents the first retrieval of snowdepth on a frozen lake surface fromaUAVusing
photogrammetry, and promotes the potential for high-resolution snow depth retrieval on small
ponds and lakes that comprise a significant portion of landcover in Arctic environments.
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INTRODUCTION

The presence and thickness of snow overlying lake ice affects both the timing of melt and ice-free
conditions. The albedo of thick snow reduces the insolation of the water as it reflects incoming solar
radiation, delaying the timing of ice-off (Jensen et al., 2007; Kouraev et al., 2007; Brown and Duguay,
2010). In the absence of the insulative capacity of snow, ice growth also increases, resulting in later ice off
(Kouraev et al., 2007). Snow acts as an insulator to prevent heat loss from the lake to the atmosphere,
which reduces bottom ice growth rates (Brown and Duguay, 2010). However, snow can contribute to
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overall ice thickness through the development of snow ice (Jeffries
et al., 2005). In the event that slushing events occur by water seeping
up through cracks in the ice, or by the weight of the snow depressing
the ice cover below the hydrostatic water level (which causes
flooding of the ice surface from the shoreline).

The use of UAVs to retrieve snow depths with high spatial
resolution is necessary for the next generation of ultra-fine
hydrological models (Clark et al., 2017; Marsh et al., 2020;
Parr et al., 2020). These models utilize snow depths to
understand water fluxes into and within watersheds, however
the direct contribution of water from snow on lake ice is difficult
to accurately simulate due to the variability of snow cover on lakes
compared to land. The direct measurement of snow depth on
freshwater ice from remote sensing observations has not been
successful because of the complex physical properties of the snow
and ice from the perspective of the sensor. The retrieval of snow
properties on freshwater lakes using remote sensing technologies
has historically been limited to the observation of the presence or
absence of snow, with very limited success in quantifying the
influence of snow-on observations. When observing backscatter
magnitudes, a drop in overall backscatter has been observed for
high frequencies (i.e., Ku-band, 1.74 cm) when removing dense,
shallow snow from the ice surface (Gunn et al., 2015a). However,
no statistical models for direct retrieval of snow properties from
backscatter have been realized operationally, with low cost
sensors generally geared toward retrieving ice thickness
(Pomerleau et al., 2020).

Methods for snow depth retrievals over sea ice typically utilize
LiDAR (ICESat, ICESat-2) andmicrowave altimetry (Cryosat-2) to
observe the height of the air-snow and snow-ice interface relative to
a reference ellipsoid, respectively (Kwok and Kacimi, 2018). The
limiting factor for applying this method to lake ice is twofold; first,
the use of microwave altimetry to retrieve the height of the snow-
ice interface relies on a unique reflection from the surface. The
higher brine concentration within sea ice, and subsequently higher
contrast in permittivity results in a much more defined return
signal than from freshwater ice, which transmits much of the
incoming signal to reflect off of the underlying ice-water interface.
Secondly, the spatial resolution of microwave altimetry data (1.65 x
10 km for Cryosat-2) is much coarser than is required for the
observation of the majority of lakes in the Arctic; high densities of
small ponds that can comprise up to 40% of the landscape in
coastal plains and lowlands. The average size of the approximate
710,000 lakes in latitudes greater than 60° north is 0.96 km2, much
smaller than a single Cryosat-2 pixel (Messager et al., 2016).

UAVs can be outfitted with multispectral sensors or LiDAR
scanners, however the most common sensors onboard UAVs are
high resolution digital cameras that acquire observations in true
color wavelengths from 400–700 nm. UAVs observing the visible
light range are uniquely suited to acquire observations from the top
of the snowpack as dry snow reflects nearly all incoming visible
wavelengths, with values of up to 97% in boreal environments
(Hannula and Pulliainen, 2019). The snowpack on Arctic lakes also
presents the ideal scenario for high reflectance and contrast for
extractable features, as the open environment allows for the
formation of snow drifts and strastugi that are typically better
developed than on land (the result of wind-induced snow

redistribution and erosion) (Sturm and Liston, 2003). The
erosion processes also cause the snow grains to become rounded
and relatively small near the snow-air interface, resulting in greater
reflection efficiency (Dozier, 1984; Green et al., 2002).

There are many benefits for the use of UAVs to acquire passive
optical observations in the Arctic. For instance, the spatial
resolution of stitched imagery can be extremely high (up to
1 cm) and presents the opportunity to observe processes at
scales previously unseen by airborne or satellite observations
(Harder et al., 2016; Fernandes et al., 2018). UAVs also fly
much lower than cloud cover, allowing observations to be
acquired regardless of the presence of clouds, although data
acquisition during flat light conditions when the surface is snow
covered compromises data quality. Finally, the flexibility of flying
UAVs allows for the ability to obtain repeat measurements to
obtain an understanding of snow and ice dynamics as long as
technicians are in the field as weather conditions allow.

Studies that utilize UAVs to retrieve snow depth over glaciers
and open natural environments typically report a root mean
square error (RMSE) for retrievals of less than 0.3 m (Vander Jagt
et al., 2015; De Michele et al., 2016; Gindraux et al., 2017; Avanzi
et al., 2018; Harder et al., 2020; Walker et al., 2020). In vegetated
areas, the obstruction caused by the canopy results in larger error
estimates of snow depth of up to 0.5 m (Bühler et al., 2016; Harder
et al., 2020). In open agricultural fields with little micro-
topography the maximum uncertainty of snow depth retrievals
using Structure from Motion (SfM) principles has been reported
to range between 0.02 and 0.11 m, with high uncertainty values
associated with melt onset (Fernandes et al., 2018).

UAVs have been utilized for a wide range of applications when
monitoring ice, including lake ice phenology, ice jam on rivers
(Alfredsen et al., 2018), ice sheet velocity (Chudley et al., 2019),
and to monitor methane emissions (Lindgren et al., 2016; Schlobies
et al., 2016; Lindgren et al., 2019). The direct observation of snow on
ice requires a detailed understanding of the ice dynamics, including
the variability in thickness and freeboard to quantify snow depth
retrievals accurately, as sea ice features are a complex mix of first year
ice, ridges, leads, and hummocky multi-year ice (Tan et al., 2020). In
contrast to sea ice, ice on small lakes in the Arctic Coastal Plain (ACP)
of northern Alaska is physically less complex because the lakes do not
possess the tide, currents, and horizontal flow that affect sea ice
development. Compared to other landcover types, the application of
SfM to retrieve snow depth on lake ice may be most analogous to
studies that have investigated open, relatively flat surfaces (agricultural
fields) that are devoid of vegetation or topographical relief (Harder
et al., 2016; Fernandes et al., 2018; Harder et al., 2020).

In this study, we use a quad-copter UAV and SfM principles to
retrieve and map snow depth at the winter maximum at high
resolution over a freshwater lake on the ACP of northern Alaska.
Similar to retrievals over sea ice, the freeboard of the floating
freshwater ice is accounted for using in-situ observations to
improve the overall agreement of the SfM-derived snow depths.
The accuracy of the snow depth retrievals is assessed using in-situ
observations (n � 1,044). This study represents the first retrieval of
snow depths on a frozen lake surface from a UAV using Structure
fromMotion that the authors are aware of. Study Site introduces the
study site, with the data collection procedure and analysis methods
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presented in Methodology. The snow depth retrieval results and
applicability of this method in the future are discussed in
Methodology and Results, respectively. The results from this study
are useful for developing better spatial representation of snow depth
and its role in determining lake ice thickness in the Arctic.

STUDY SITE

UAV acquisitions and in-situ snow depth observations were
collected on West Twin Lake, approximately 9 km southeast of
Utqiaġvik (formerly Barrow) in the Barrow Peninsula, Alaska
(156.492° W, 71.276° N) (Figure 1). West Twin Lake has a mean
elevation of ∼2.2 m above sea level, covers an area of 1.5 km2 and
a has mean depth of 1.6 m (Hinkel et al., 2010). The study site is
situated in a region of shallow, elongated thermokarst lakes that
comprise up to 40% of the coastal plain (Sellmann et al., 1975;
Hinkel et al., 2005). The majority of lakes in this region are
documented to annually freeze to the bed (Arp et al., 2011; Surdu
et al., 2014; Engram et al., 2018), during the prolonged winter.

The landscape of the region surrounding Utqiaġvik is typified
by little topographic relief, with gentle undulations of low-lying
tundra landscape and a polar marine climate with strong sustained
wind and cold winter temperatures (Carson and Hussey, 1962;
Surdu et al., 2014). The mean annual temperature in the most
recent climate normal 1999–2019 is −10°C with a mean winter
temperature (December–March) of −24.5°C. The mean annual
precipitation is 127 mm (957 mm as snow) (Menne et al., 2012).
The prevailing wind direction is generally from the northeast
throughout the year with an average wind speed of 12.9 km/h.

METHODOLOGY

In-situ Observations
In-situ observations of snow depth, density, grain size, and ice
thickness were acquired over two, 100 m transects within the

UAV acquisition footprint (Figure 2). Each transect had bulk
snow density and ice thickness collected every 10 m, totaling 22
observations. Snow density was sampled using a federal snow
core, providing a bulk measurement of both the wind slab and
depth hoar layers. Ice thicknesses were sampled by drilling into
the ice with a gas-powered auger, and measured using an
avalanche probe with an attachment to hook on the ice
bottom. Snow depths were collected using a ©SnowHydro
Magnaprobe (Sturm et al., 2018) every 0.5 m along the
transects. The magnaprobe consists of a metal rod probe with
a sliding basket that records snow depth and the corresponding
GPS location to a Campbell Scientific CR800 data logger. The
horizontal precision of the coordinate is approximately +/−2.5 m
with a vertical depth precision of 0.03 m. Snow depth was
sampled on Transect 2 on either side of the transect line
separated by 2 m, collecting a total of 226 observations. Snow
depth sampled on Transect 1 had eleven measurements for every
survey point (i.e., 0, 0.5, 1.0 m) extending 2.5 m perpendicular
from the transect line, collecting a total of 818 observations.

Unmanned Aerial Vehicle Acquisitions and
Snow Depth Retrieval
Snow depth retrievals are calculated using two separate digital
surface models (DSM), one from the UAV acquired at
maximum snow depth in April 2019, and the other during
the open water season from an airborne LiDAR collected in
August 2018 by Quantum Spatial LLC for the United States
Geological Survey (OCM Partners, 2021). The 2018 LiDAR was
acquired according to QL1 standards with an aggregate nominal
pulse density of > � 8.0 points per square meter. The data have a
vertical accuracy of 0.04 m and was initially referenced to
NAD83 Alaska Zone4 orthometric heights in feet using the
Geoid12B model. The data were processed in Quick Terrain
Modeler and converted to WGS84 UTM Zone 4N in ellipsoid
heights to match the UAV data below. Due to slight windy
conditions and turbid lake water on the day of LiDAR

FIGURE 1 | Location of the Study Site (West Twin Lake), situated east of Utqiaġvik, Alaska on the Arctic Coastal Plain.
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acquisition a number of water surface returns were evident in
the water classified.las files. All water classified returns from
West Twin Lake were extracted and the mean value for the lake
surface (0.35 m in WGS84 ellipsoid height) was used to
hydroflatten the lake surface prior to further analysis with
the UAV snow surface DSM.

ADSMof the snow surfacewas generated from images acquired
using a UAV over two 25 ha study areas on 16 April, 2019 using a
Phantom 4 RTK UAV encompassing the in-situ survey transects.
The area covering Transect 1 was imaged with 118 photos and the
area covering Transect 2 was imaged with 116 photos. Prior to
processing the images in Pix4d to create orthophotos and to derive
a point cloud, each image location was post-processed using KLAU
PPK software and the fixed NGS-CORS station located less than
10 km from the study sites. All images achieved an absolute XYZ
accuracy +/−3 cm during post-processing and were registered to
WGS84 UTMZone 4N using the ellipsoid heights reference frame.
Post-processed images were analyzed in Pix4D (version 4.3.33) to
produce an orthophoto mosaic and a LiDAR-like densified point
cloud that was further processed in Quick Terrain Modeler to
produce a DSM. The initial resolution of the orthophoto was
0.035 m and of the DSM it was 0.05 m. The DSM was then
resampled to a spatial resolution of 1 m to coincide with the
spatial resolution of the summertime airborne LiDAR dataset
used in the snow depth estimate calculations.

Weather duringUAVflights was optimal and in-situdata collection
(16/4/2019) with temperatures of−15°C, averagewind speed of 11 km/
h and no cloud cover. The sustained wind caused minimal blowing
snow conditions, allowing the UAV acquisitions to observe the snow
surface. Snow depths are derived by subtracting the height of the water
surface DSMwater from the height of the snow surface (DSMsnow),

hsx,y � DSMsnow − DSMwater (1)

where hsx,y is the height of the snow for a given pixel.

Ice Surface Elevation Variability
To assess the variation in ice thickness as a function of snow depth,
we conducted a ground penetrating radar (GPR) measurement on
Transect 1. We used 800MHz frequency shielded antennas with a
ProEx control unit (MALÅ Geoscience, MALÅ, Sweden) and a
Garmin GPS 18. The antennas were arranged in a common-offset
configuration with a fixed transmitter-receiver separation of
0.14m, and each GPR trace was acquired at 1 s spacing with
the respective GPS coordinates. The equipment was left in a sled
and towed by a snowmachine. The raw GPR data were processed
with ReflexW software (Sandmeier, 2020) as follows: 1) time to
distance along transect conversion using the GPS coordinates,
resulting in a trace spacing of 0.5 m (n � 212), 2) low frequency
noise removal (dewow), 3) move start time to airwave arrival, and
4) two-way travel time (TWT) cut to 25 ns. To determine the TWT
within the ice layer, we manually picked the snow-ice and the ice-
water interface reflections. The following equation to estimate the
ice thickness (d):

d � v(TWT)
2

(2)

where v is the radar velocity for ice is assumed to be 0.167 mns−1

(Glen and Paren, 1975).

Freeboard Correction
The most likely source of error in snow depth retrievals on
floating ice is the freeboard of the ice, which is the distance
between the ice surface and the hydrostatic water level caused by
the lower density of ice compared to water. To retrieve snow
depths on floating lake ice, the freeboard needs to be quantified
and a correction factor needs to be applied, or the snow depth
retrievals will likely have a positive bias. The relationship between
ice thickness and freeboard have been established for sea ice
(Nandan et al., 2017), shown in Eq. 2,

FIGURE 2 | Sampling design onWest Twin Lake highlighting the location of Transect 1 and 2 in relation to the UAV acquisitions (A). The collection strategy of snow
properties on the transects is shown in (B), showing the location of snow depths sampled by magnaprobe (grey dashed line) and the location of bulk density and ice
thickness observations (black dots).
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T � Fi
ρw

ρw − ρi
+ Hs

ρs
ρw − ρi

(3)

where T is the ice thickness, Fi is the ice freeboard,Hs is the snow
depth, and ρw, ρi, and ρs is the water, ice, and snow density in
kgm−1, respectively. In this study, water, ice, and snow density are
1,030, 916.7, and 220 kgm−1, respectively.

Rearranging for Fi, the equation to calculate ice freeboard is

Fi �
T − (Hs

ρs
ρw−ρi)

ρw
ρw−ρi

(4)

The freeboard of the floating ice at the location of each snow depth
observation is derived using two different methods to test the

agreement of the retrievals. In the first method, the freeboard is
calculated using a single averaged value of ice thickness, snow
depth, and bulk density for the entire transect, which provides a
single average freeboard correction factor for snow depth retrievals
(Freeboard1). In the second method the freeboard is calculated
using averaged values of ice thickness and bulk density and the in-
situ snow depth at each measurement location, resulting in a
unique freeboard value for each observation (Freeboard2)
(Table 1).

Spatial Statistics
The root mean square (RMS) of height deviations of the
snow depth is calculated from the three dimensional plane
fitted to the UAV-derived snow depth using the
methodology detailed in Martinez-Agirre et al. (2020). An
additional measure of the two-dimensional local variability
(n−) is provided through the calculation of variograms
constructed using the Scikit GStat library Variography
(Mälicke and Schneider, 2021) using 15,000 randomly
sampled points from the UAV-derived acquisitions for the
west and east portions of the lake.

The distribution and periodicity of snow depth and drifts is
of particular interest for studies interested in snow
redistribution on the multitude of ponds and lakes on the
ACP. The roughness and periodicity of snow drifts on ice has
been previously quantified using power spectral density
(Sturm and Liston, 2003), and more recently using the
metric htopo as introduced by Newman et al. (2014), which
extracts the difference between snow depth at the 5th and 95th
percentiles. Values outside of the 95th percentile are expected
to correspond to anomalously high features (e.g., snow drifts)
within a moving window on a snow depth raster. htopo is
calculated for each pixel within the retrieved snow depth
rasters for the west and east portions of West Twin Lake
using a moving window of increasing sizes from 2 x 2 m up
to 20 x 20 m. The periodicity of snow drifts is observed when
the difference of the maximum htopo between window sizes
becomes zero.

FIGURE 3 | Snow depth derived from UAV DSM prior to correction for ice freeboard for Transect 1 (A) and Transect 2 (B). The development of snow drifts are
visible oriented in the prevailing wind direction (east to west), as well as the difference in snow depth on lakes compared to land.

FIGURE 4 | GPR observations of the air-snow, snow-ice and ice-water
interfaces at Transect 1 represented in two-way-traveltime (A) and relative
elevation with the average ice surface located at 0 m (B). Local topography at
the ice-snow interface is due to the formation of surface ice types, and
depression of the ice by the weight of the snowpack. Note the roughness at
the ice-water interface exhibits variability up to 0.36 m across a range of 10 m.
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RESULTS

Snow Depth Retrievals
Snow depth maps produced from SfM principles for the western
and eastern portion of West Twin Lake are shown in Figure 3,

highlighting the relative spatial variability of snow depth on the
ice as a result of snow drift formation. Snow depth at the shoreline
is deeper than on the lake, as expected, as shoreline vegetation
traps blowing snow and the lake ice surface that lacks of
vegetation has a limited ability to trap blowing snow. Prior to

FIGURE 5 | UAVSD retrievals compared to MagnaprobeSD observations when freeboard correction factor is not applied [panels (A,B)], with Freeboard1 average
correction factor applied [panels (C,D)] and with Freeboard2 correction factor per MagnaprobeSD location [panels (E,F)].
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correcting for ice freeboard, the average snow depth on the lake is
66% of snow on land, consistent with Sturm and Liston (2003).

Ground Penetrating Radar-Retrieved Ice
Surface Elevation
The GPR observations (Figure 4) confirm that the variability in ice
thickness is sufficient to result in localized freeboard that may
impact snow depth retrievals. Within a span of 10 m (between 60
and 70 m distance), the ice thickness is shown to change up to
0.36 m (1.43 at 67m distance and 1.07 at 60m distance). Figure 4
also shows the UAV-derived snow depth with freeboard corrections
applied using the Freeboard2 correction factor. Deeper (and
therefore heavier) snow serves to locally depress the underlying
ice column, with the elevation of the ice surface ranging between up
to 0.3 m with an interquartile range of 0.06m. The corrected UAV-
derived snow depth and elevation of the ice surface exhibit a
negative correlation (R2 � 0.54, p � 0.00), supporting the basis
for freeboard correction across the UAV acquisitions.

Snow Surface Validation and Freeboard
Correction
In similar studies that utilize snow depths observed using
Magnaprobes to validate UAV-derived snow depths a simple
extraction of the UAV snow depth (UAVSD) raster by the point
location yielded co-registration errors, as the horizontal accuracy of
the Magnaprobe GPS (approximately 2.5m) is much lower than the
UAV (< 0.03m) (Nolan et al., 2015;Walker et al., 2020). Therefore, to
reduce the potential inclusion of erroneous snow depth information,
Magnaprobe snow depths (MagnaprobeSD) are validated against the
average snow depth extracted from a 5m buffer surrounding each in-
situ observation, whichwould approximate the spatial accuracy of the
GPS location. A 1:1 plot of UAVSD compared to MagnaprobeSD is
provided for Transects 1 and 2 inFigure 5.Without correcting for the
ice freeboard, theR2 forUAVSD is 0.72 and 0.80 for Transects 1 and 2,
respectively. Despite the high correlation values, there is a consistent
positive bias in the UAVSD with a Mean Bias Error (MBE) of 0.081
and 0.069m in Transects 1 and 2, respectively. Positive MBE values

for both transects is consistent with the hypothesis that the snow
depth would be overestimated because of the freeboard of floating ice.
The RMSE for both transects is within the reported error for studies
observing UAVSD on terrestrial sites (Walker et al., 2020), however
the highly positive MBE indicates that the bias from freeboard can be
addressed through the derived freeboard height.

When applying the calculated Freeboard1 correction factor of
0.088 and 0.097 m for Transects 1 and 2 respectively, the RMSE
and MBE drops considerably as the spread of UAVSD retrievals
more closely approximates the 1:1 relationship, as shown in
Table 2. The MBE is almost 0 for both transects, which
indicates that the overestimation of snow depths nearly equals
the underestimation. When combining the observations at both
transects (n � 1,044), the RMSE and MBE is 0.064 and −0.011 m
for Freeboard1, and 0.056 and 0.006 m for Freeboard2, respectively.

Figure 6 shows the distribution of residual errors across the
range of MagnaprobeSD observations, which visualizes the source of
the errors summarized by the RMSE and MBE. When no freeboard
correction is applied, the residuals exhibit high overestimation of
MagnaprobeSD in both transects, which is reduced when the average
freeboard correction factor (Freeboard1) is applied (Figure 6, panels
Figures 6C,D). For relatively shallow snow (Q1—Q2) on Transect 1
(Transect 2) the residuals using Freeboard1 are overestimated by a
maximum of 0.22 m (0.16 m) within a range of −0.07 and 0.22m
(0.02 and 0.16 m). In areas of deep snow (Q3—Q4) on Transect 1
(Transect 2), the residuals are underestimated by a minimum of
−0.15 (−0.15 m), within a range of −0.15 to 0.14m (−0.15 and
0.06m). The MBE for Freeboard1 snow depths is nearly zero,
however the residuals indicate that the shallow and deep
snowpacks are over and under-predicted, respectively.

In areas of shallow snow, the combination of two physical
processes result in overestimation using the UAVSD and
Freeboard1 methods: 1) the shallow snow does not possess the
weight to depress the ice, and 2) the lower insulative capacity of
shallow snow results in thicker ice formation and therefore greater
buoyancy. Both of these factors cause the freeboard to be higher
than the average observed, resulting in overestimation of shallow
MagnaprobeSD. The situation is opposite for deep snow, which is
underestimated when applying the Freeboard1 correction factor.

TABLE 1 | Freeboard calculation for the Transects on West Twin Lake, with variable notations from Eq. 2, and Eqs. 3. Freeboard1 is a single average freeboard correction
factor based on the average ice thickness, snow depth and bulk density for the entire transect. Freeboard2 is a range of correction factors, calculating freeboard based
on the average ice thickness and bulk density for the transect but using the local snow depth in the calculation, which produces a range of freeboard estimates.

Transect ρw(kg m−1) ρi(kg m−1) ρs(kg m−3) T (m) HS (m) Freeboard1 (m) Freeboard2 (m)

1 1,030 916.7 337 1.32 0.27 0.021 −0.099 to 0.086
2 1,030 916.7 300 1.36 0.24 0.079 −0.028 to 0.118

TABLE 2 | Improvements of UAVSD when applying Freeboard1 and Freeboard2 correction factors. All R2 coefficients are statistically significant at the 99%.

Transect 1 (n = 818) Transect 2 (n = 226) All obs (n = 1,044)

UAVSD Fbd1 Fbd2 UAVSD Frd1 Fd2 UAVSD Frd1 Frd2

R2 0.74 0.74 0.85 0.86 0.86 0.92 0.66 0.76 0.83
RMSE 0.067 0.060 0.056 0.143 0.067 0.059 0.089 0.062 0.057
MBE 0.031 0.001 0.017 0.131 −0.034 −0.041 0.053 0.0153 −0.004
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The weight of relatively deep snow depresses floating ice, and has a
higher insulative capacity, resulting in thinner ice over the span of
the winter season, and shallower freeboard.

The application of the Freeboard2 correction factor reduces the
residual errors in shallow and deep snow depths with the
incorporation of individual freeboard calculations as opposed to a
transect-wide average, reducing the error range (Table 3). Histograms
of the distribution of residuals are shown in Figure 7. Themajority of

large residual errors (negative or positive) occurred for extremely
shallow or deep snow depths for both the UAVSD and Freeboard1
scenarios and less-so for the Freeboard2 correction, which is expected
as a function of applying an average correction factor. When applying
the Freeboard2 correction, the mean residual error for both transects
are reduced toward zero (Figure 7) with 50% of corrected snow depth
retrievals between −0.02 and 0.06m for Transect 1 and between 0.04
and 0.08m for Transect 2. Overall, compared to all in-situ

FIGURE 6 | Residual errors for UAVSD across the range of MagnaprobeSD observations for no freeboard correction applied [panels (A,B)], average freeboard
correction [Freeboard1, panels (C, D)], and freeboard correction per MagnaprobeSD location [Freeboard2, panels (E,F)].
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observations 90% of snow depth retrievals are within −0.08–0.11m
using Freeboard1, and −0.12 to 0.10m using Freeboard2. with an
RMSE of 0.062m and 0.057, respectively.

While the Freeboard2 correction factor provides themost accurate
snow depth retrieval, it requires a distribution of snow depth
measurements attached to specific locations, which is difficult to
generate when correcting for an entire UAVSD scene. Therefore, the
Freeboard1 correction factor is applied to the UAVSD scenes for the
west and east portion ofWest Twin Lake, using snow and ice averages
derived from Transects 1 and 2, (Figure 8). The distribution of deep
snow dunes with intermittent regions of very shallow snow is
characteristic of snow distribution on thermokarst lakes on the
ACP as discussed in Sturm and Liston (2003).

Snow Surface Roughness and Depth
Variability
Variability in retrieved snow depth is clustered regionally in drifts,
where differences of up to 0.5 m can occur within less than 10m.
The local-scale variability of snow depths and drifts is supported by

TABLE 3 | Distribution of Residual Errors of derived snow depth when applying
Freeboard1 and Freeboard2 correction factors, with values representing the
breakpoint between quartiles (Q). Freeboard2 exhibits the narrowest range of
errors with Q3 consistently centered at 0 m error.

UAVSD (m)

Min Q1 Q2 Q3 Q4

Transect 1 −0.23 0.00 0.03 0.07 0.24
Transect 2 −0.05 0.10 0.13 0.17 0.28

— Freeboard1 (m)

Min Q1 Q2 Q3 Q4

Transect 1 −0.26 −0.02 0.01 0.04 0.22
Transect 2 −0.05 0.10 0.13 0.17 0.28

— Freeboard2 (m)

Min Q1 Q2 Q3 Q4

Transect 1 −0.15 −0.02 −0.02 0.06 0.18
Transect 2 −0.09 0.04 0.06 0.08 0.18

FIGURE 7 |Histogram of residual errors when applying Freeboard1 and Freeboard2 correction factors. In both transects the application of Freeboard2 substantially
dropped large residuals toward a median error of 0 m.

FIGURE 8 | Snow depth on the eastern (A) and western (B) portion of West Twin Lake derived by UAV SfM principles with the Freeboard1 correction factor
(average observed snow depth, density, and ice thickness).
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literature where the length scale wasmeasured throughmultiple in-
situ transects to be on the order of tens of meters for freshwater lake
ice on the ACP (Sturm and Liston, 2003), and sea ice (Iacozza and
Barber, 1999; Sturm et al., 2002). The west region of the lake
(Transect 1) exhibits RMS height deviations of 0.08 m with a
correlation length of 13.8 m, while the east region (Transect 2) has
an RMS of 0.07 m with a correlation length of 18.7 m, consistent
with roughness and correlation lengths obtained from previous in-
situ sampling on transects.

The variograms generated for Transect 1 and 2 exhibit a range of
18.7 and 17.5m aftermonotonic increases in semivariance, respectively
(Figure 9). This indicates that despite the lack of significant

topographical features such as surface rafts or ridges, there is
prominent local-scale heterogeneity of snow depth due to wind-
redistributed drift development in-line with the 5–20m periodicity
of structures noticed on lakes in the ACP in Sturm and Liston, (2003).

Mean values of htopo increased monotonically from 0.05 to
0.22 m for the minimum and maximumwindow sizes (2 x 2 m vs.
20 x 20 m, respectively) for Transect 1, and 0.05–0.2 m for
Transect 2 (Figure 10). This increase in the mean values
reflects the influence of the increasing window sizes to
suppress the influence of outliers within the snow depths
under consideration, and begin to include more snow drifts in
the analysis. The distance at which the maximum htopo differences

FIGURE 9 | Variograms for snow depths on the west (Transect 1) (A) and east (Transect 2) (B) regions of West Twin Lake derived from UAV retrievals. Histograms
show the cumulative number of observations considered in the lag distances, shown in meters.
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reach zero occurs at window sizes of 10 × 10 m (distance of 20 m)
for Transect 1 and 8 x 8 m (distance of 16 m) for Transect 2,
consistent with the range reported by in the variograms.

DISCUSSION

The retrieval of snow depth over lakes using both Freeboard1 and
Freeboard2 correction factors presents similar, and in some cases
better accuracies compared to studies that use SfM from UAV
acquisitions, that exhibit an overall RMSE of less than 0.3 m (Buler
et al., 2017; Nolan et al., 2015; Walker et al., 2020). This study
identifies the need to at minimum correct for the freeboard of
floating ice using average snow depth, density and ice thickness
expected on the lake. While SfM has been used extensively for

retrievals of terrestrial snowpacks at the plot (Fernandes et al., 2018)
and landscape scales (Walker et al., 2020), this study demonstrates
the utility of UAVs to retrieve such data over a small floating lake ice
that commonly presents a shallower snowpack.

Using the Freeboard1 correction factor, autocorrelation function
indicates that snow depths on the lake become decorrelated at
approximately 15m for Transect1 and 19m for Transect 2. The
autocorrelation for the samples on West Twin Lake are similar in
magnitude to the wavelength of snow drift formations (5–20m) on
lakes south of Prudhoe Bay on the Arctic Coastal Plain (Holmgren
et al., 1998; Sturm and Liston, 2003). The ability to resolve individual
snow drifts presents the opportunity to provide validation and
potential improvements to the estimation of tundra meltwater into
basins (Parr et al., 2020;Westergaard-Nielsen et al., 2020) or validation
for high-resolution snow redistribution models (Li et al., 2018).

The methods presented in this study that the use UAVs for
snow depth retrieval on lakes does not preclude the requirement
for in-situ observations. Due to the variable nature of snowfall and
redistribution, the operational functionality of snow depth
retrievals relies on a priori information on the snowpack and
ice thickness to produce estimates of ice freeboard. This
information may not be readily available, and future research is
needed to test the use of modeled snow depth/ice thickness on
snow depth retrieval fromUAV acquisitions. Snow depths on lakes
are typically around 40% less than snow depths at terrestrial sites,
and ice thickness can be modeled by thermodynamic ice models
forced using weather observations from long-term fixed stations
(Duguay and Lafleur, 2003; Gunn et al., 2015b).

Snow depth retrievals also rely on the capability of calculating
the freeboard of floating ice. In the ACP it is common for a portion
of, or a whole lake to freeze to the bed during the winter season.
This study did not investigate the influence of regions of grounded
ice on snow depth retrievals, but should be a consideration when
scaling up retrievals to a regional scale.

Potential Sources of Error
While the large majority of residuals for both Freeboard1 and
Freeboard2 exhibit general agreement with 60% of snow depth

FIGURE 10 | Value of htopo for the east (Transect-1) and west (Transect-
2) portions of West Twin Lake relative to the size of moving window applied to
the snow depth raster. The values of htopo become stable at window sizes of
10 x 10 m for Transect 1 and 8 x 8 m for Transect 2, indicating the snow
drift periodicity to be between 16 and 20 m on lake ice.

FIGURE 11 | Spatial distribution of residual errors greater than 0.1 m using the Freeboard1 correction factor. Note that while the errors are spatially clustered, the
sample of in-situ snow depths do not deviate statistically from the distribution. There are two block-like structures that exhibit extremely high snow depths, which are the
snow machines adjacent to Transect 1.
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retrievals within −0.06 and 0.04m, positive and negative outliers up to
0.2 and −0.3m are persistent. The derived snow depths using the
Freeboard1 correction factor that are > 0.1m compared to in-situ
observations (10 and 14% of observations on Transects 1 and 2,
respectively) are shown in Figure 11. The threshold of 0.1m is chosen
to be reflective of the typical snow depth retrieval error presented in
terrestrial UAV studies (Vander Jagt et al., 2015; Walker et al., 2020;
Jacobs et al., 2021).

The distribution of retrievals with residuals above the threshold of
0.1m are spatially clustered (Moran’s I z-score � 25.17, p � 0.000),
however the sample of in-situ snow depths do not deviate statistically
from the distribution. For example, overestimation and
underestimation of snow depth > 0.1m is spatially coincident to
shallow and deep snowpack as observed in-situ, respectively.However,
in the shallow and deep regions of observed snow depths, the extreme
residuals only account for 3.6% of shallow snow and 9% of deep snow
observations overall. Therefore, the UAV SfM snow depth retrieval
using the Freeboard1 correction factor produces retrievals within an
accuracy of < 0.1m, but not in those specific instances, indicating that
an additional physical process could be increasing or decreasing the ice
surface heights and introducing error. Possible deformation of the ice
surface which increases the surface height of the ice includes ridging or
rafting, however these features are less common on small lakes on the
ACP.More likely sources of error could be caused by the formation of
surface ice types (snow ice, grey ice) caused by flooding and refreezing
of the snowpack overlying the ice surface.

The use of an average ice thickness in Freeboard1 calculations is
likely to have reduced the accuracy in the regions of highest and lowest
snow depth observations. In the region of shallow snow the ice is
thicker than the average of the in-situ observations, which would result
in a higher freeboard, increasing the retrieved snow depth, and vice
versa for areas of deep snow. Therefore, in areas of shallow snow the
UAV-derived snow depths present a positive bias toward deeper
snowpacks, and in areas of deep snow the UAV-derived snow
depths have a negative bias, presenting shallower snow than
observed in-situ. To address this limitation, a detailed survey of ice
thickness would be required to construct a DEM, which would allow
formore accurate dynamic freeboard calculations for each snow depth.
The development of ice thickness for small ponds and lakes has not yet
been derived from remote sensing observations, and would likely
require the collection of a grid of ice observations using in-situ
ground penetrating radar (GPR).

The objective requirement for shallow snow depth retrievals in
the Arctic from satellites within the Integrated Global Observing
Strategy (IGOS) Cryosphere Theme Report is 0.06 m, with a
threshold requirement of 0.1 m (Integrated Global Observing
Strategy, 2007). The results presented here indicate that UAV-
derived snow depth retrievals are within the requirements from
the IGOS when corrected for freeboard considerations using lake-
wide snow density and ice thickness averages.

CONCLUSION

This is the first study to present the utility of Structure from Motion
from UAV aerial acquisitions to retrieve snow depth over floating
freshwater lake ice in the Arctic. When accounting for the freeboard of

floating ice on a per-measurement basis, the UAV-derived snow
depths retrievals exceed accuracies for similar studies over land,
with relatively small error margins of RMSE of 0.05m and a slight
overall bias of 0.04m. However it is unlikely that technicians would
have access to dense in-situ snow depth observations (n � 1,044) to
perform this correction, so a nominal average snow depth could be
used to apply a correction factor to all snow depth retrievals on a lake,
with the knowledge that shallow and deep snow may exhibit higher
errors (RMSE � 0.06 and 0.07m for Transects 1 and 2, respectively).

The high resolution of UAV-derived snow depth maps afford the
potential to observe small-scale variations in snow depth across a lake,
observing and quantifying the development and periodicity of snow
drifts. Such information is critical to the understanding of the physical
processes of snow redistribution and capture in catchments on small
lakes in the Arctic, which has been historically estimated from its
relationship to terrestrial snowpack properties. Additionally, the
possibility to retrieve high-resolution snow depth and distribution
data on lakes presents an opportunity to include direct meltwater
inputs as a component of ultra-fine resolution hydrologic models,
which has not previously been considered. Repeatmeasurements from
UAVs can help further validate satellite-based measurements of
planned surface mapping missions such as the NASA/ISRO SAR
(NISAR) planned for launch in 2022.
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