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Abstract

Snow is an essential component in hydrology systems, and more specifically, mon-
itoring variations in snow cover can provide valuable information about water supply,
wildlife habitats, and climate changes. In recent years, the potential of wide band snow
radar (e.g. 2-8 GHz) has been discovered with a series of campaigns in Operation IceBrdige
(OIB). Due to data from OIB mainly focusing on sea ice, most of the algorithms were also
developed for snow on sea ice. As a result, this thesis aimed to test the applicability of
the interface-based pulse peakiness snow depth retrieval method to snow on land. In ad-
dition, due to the common usage of radar altimeter in sea ice classification, this thesis also
explored the possibility of adapting some of the ideas in sea ice classification to develop
another retrieval method. Both approaches were tested on the 6 major vegetation types
(tree, tall shrub, riparian shrub, dwarf shrub, tussock, and lichen) in the study area. Snow
depth derived from Airborne Laser Scanner (ALS) point clouds was used as the reference
for snow depth retrieval. Running the recalibrated pulse peakiness algorithm yielded a
Mean Absolute Error (MAE) of 12 cm, 27 ¢cm, 29 cm, 13 cm, 9 ¢m, and 10 cm for tree,

tall shrub, riparian shrub, dwarf shrub, tussock and lichen respectively.

It was concluded that the principles behind the pulse peakiness approach is valid for
snow on land. The presence of surface vegetation and the hummocky terrain of the study
area did present some considerable challenges. In comparison, the classification approach
using K-means while produced some accurate results under specific situations, was not
as robust as the existing pulse peakiness approach. Although, it was argued that the

classification approach was in early stages and there were some potential for better results.
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Chapter 1

Introduction

1.1 Context and Motivation

Snow and its associated physical processes like snow melt play a significant role in
global climate and can have serious environmental as well as economical impact (Sturm et
al., 2017). In mid-latitude and polar regions most of the precipitation events are associated
with the production of snow in clouds (Field and Heymsfield, 2015). In addition to being
involved with precipitation, snow is capable of modulating river flow patterns and serves
as a source of clean water (Biemans et al., 2019). Economically, Barnett et al. (2015)
explained that snowpacks and glaciers provide water supply for more than one sixth of the
planet’s population, and recent hydrological changes could heavily affect water availability.
In China, snow scarcity has caused numerous spring droughts leading to crop failure and

affected the water flow in Yellow River, the second largest river in China (Dahe et al.,



2006).

The importance of snow and the necessity for snow monitoring has led to scientists
using different approaches to quantify snow cover in a region through snow depth and snow
water equivalent (SWE) estimates. Both active and passive microwave sensors have been
used to develop SWE retrieval algorithms. While passive microwave remote sensing can
offer near-real time daily data, active microwave sensors onboard satellites and aircraft
often provide researchers with observations at a higher spatial resolution. Traditionally,
active microwave remote sensors used in SWE retrieval are focused on a specific band like
Ku or X band (Yueh et al., 2009; Oveisgharan et al., 2020). In comparison, methods for
snow depth retrieval for snow on sea ice using data collected from airborne Frequency
Modulated Continuous Wave (FMCW) radars have been experimented with over the years
(Kwok et al., 2017). The shift from SWE to snow depth as the retrieval target for FMCW
radars is mainly because these methods often rely on obtaining the air-snow and snow-ice
interface while many traditional Synthetic Aperture Radar (SAR) based approaches are
relying on the relationship between the backscatter and SWE. SWE and snow depth are

convertible when the bulk density is provided, as demonstrated by Sturm et al. (2010).

SWE = h,2 (1.1)
Pb

where hg is snow depth; p, is local bulk density; and p is the density of water.

A large effort in the development of these airborne FMCW radar related methods
stems from a series of campaigns called Operation IceBridge (OIB) which ran from 2009-

2020 (NASA., n.d.). The campaigns were aimed at providing observations of polar ice.



As a result, most of the methods for snow depth retrieval were developed and tested
during OIB for snow on sea ice or glacial fern. There are only a very few studies that
applied or adapted these methods for snow on land (yan et al., 2016), and this is the main
motivation of this thesis. The field campaign Icebird 2019 Winter provided an opportunity
to conduct experiments on the utility of using wide band radar data collected over the
Trail Valley Creek research field site for snow depth estimation. In addition, this data
also allows for developing a new snow depth retrieval method based on principles behind
sea ice classification as radar altimeter (a similar FMCW radar system to the wide band
radar) waveforms were characterized based on a series of parameters and then clustered

into representing different objects like first-year ice and multi-year ice.

1.2 Aims and Objectives

The overall aim of this thesis is to test the performance of interface-based snow
depth retrieval algorithms developed for snow on sea ice for snow on land, and to explore
the potential of adapting the approach for improved snow depth retrievals. Therefore,

three specific objectives are listed below:

1. Explain and summarize the basic principles behind using wide band radar data for

snow depth retrievals as well as various existing algorithms.

2. Evaluate a recent snow depth retrieval algorithm used for snow on sea ice for snow

on land.



3. Develop a terrestrial snow depth retrieval algorithm that is based on existing snow

depth on sea ice retrieval methods.

1.3 Thesis Structure

This thesis follows the manuscript style where chapter three is a standalone pa-
per. Chapter two provides the necessary background information about snowpack physical
properties, basics of a wide band radar operating in FMCW mode and its physical inter-
action with a snowpack, a description of existing wide band radar snow depth retrieval
algorithms, and the associated ways a waveform can be characterized. Chapter three is
the core manuscript paper entitled ”Snow depth retrieval from wide band radar in Trail
Valley Creek”. Chapter four summarizes the limitations and challenges facing the use
of the interface-based snow depth retrieval on land, and the broader implications of the
study along with suggestions on how some of the limitations can be addressed, and offers

a conclusion of the content of the thesis.



Chapter 2

Background

This chapter covers necessary background information for the interface-based pulse
peakiness snow depth retrieval algorithm used in this thesis including snowpack physical
properties, characteristics of wide band radar systems and their interaction with snowpacks,
existing snow depth retrieval algorithms developed for snow on sea ice and associated ways

to characterize radar waveforms.

2.1 Snowpack Physical Properties

Two physical properties of snow will be discussed due to their significance in active
radar observation of snow. First, a snowpack’s response to incoming microwave radiation
at a given frequency is largely affected by its dielectric properties, with the relative permit-
tivity used to quantify such properties. Matzler et al. (1984) demonstrated that because

snow is a mixture of air, ice and in case of wet snow, liquid water, the effective relative



permittivity of snow is a weighted average of all three components. According to Ulaby
et al. (1977), liquid water content fraction which controls snow wetness, has the largest
impact on the dielectric properties of the ice-air-water mixture. In addition, other physical
parameters including snow density, temperature as well as microstructure properties such

as snow crystal morphology and grain size can also affect the snow’s dielectric constant.

Second, the backscatter of a snowpack is an essential measurement of imaging radar
system such as SAR and non-imaging radar systems such as narrow or wide band radar
altimeters. The backscatter from a snowpack is frequency dependent and when present is
generated by two scattering types, surface scattering and volume scattering. Surface scat-
tering happens at the interfaces between significant layers with different dielectric prop-
erties, such as the air-snow interface, snow-ground interface, and interfaces between snow
layers within the pack. Volume scattering by comparison occurs within the snowpack, and
as explained by Ulaby et al. (1984), is due to mie or rayleigh scattering processes acting
on snowpack ice crystals that exist within an air background. Rott et al. (2010) provided
a simplified equation to summarize all the backscatter components from a snowpack as is
shown below:

Op = O4s + 0y + 0gy + 0y (2.1)

where the four components from left to right are scattering at air-snow interface (o,s), direct
snow volume scattering (o,), scattering from snow volume after the signal interacted with
the snow-ground interface (0,,), and scattering from the snow-ground interface (o), as

shown in Figure 2.1.
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Figure 2.1: Main components of snowpack backscatter (Rott et al., 2010)

The penetration depth for a radar signal not only depends on the dielectric proper-
ties of the snowpack but also on the frequency of the radar signal itself. Therefore, different
frequencies lead to different scattering interactions. More specifically, if the radar signal
frequency is low enough it will completely penetrate the snowpack. For example, at C-
band (5.85-6.43GHz), the scattering from the snowpack is generally considered negligible.
However, the presence of water in the snowpack will change the relative permittivity of
the snowpack so that C-band radar can be used for wet snow mapping and in some cases
for wet snow depth mapping. As demonstrated by Lievens et al. (2019), an empirical
relationship between wet snow depth and co-pol ratio of a C-band radar can be developed
for deep mountain snow. By comparison, at higher frequencies, such as Ku-band (12-18
GHz), the incident radar signal interacts with the snow through either or both volume and
surface scattering mechanisms within the snow. Snowpack structural properties, such as
liquid water content, density and grain size, control the type of scattering interaction and

influence the penetration depth of a radar signal at a given frequency.



2.2 Wide Band Radar and Its Interaction with Snow

A wide band radar in this thesis is specifically defined as an airborne FMCW radar
capable of operating in a wide bandwidth similar to the ones deployed in OIB and Icebird
2019 Winter. However, this is a narrow definition and as demonstrated by Marshall and
Koh (2008), various FMCW radar systems with different configurations and operating
bandwidths have been used for snow research since 1977. Successful SWE estimates as well
as snow stratigraphy measurements have been obtained using data from mostly ground-
based FMCW radar systems, and it was shown that methods including developing empirical
relationships between the two-way travel time of the radar signal and SWE as well as
utilizing frequency spectrum were viable (Marshall et al., 2004; Marshall et al., 2005;
Marshall et al., 2007).

A wide band radar differs from a normal Continuous Wave (CW) radar in that the
emitted frequency of a wide band radar is modulated meaning that it changes overtime.
More specifically, while a C-band SAR such as Sentinel-1 emits radar signals with a central
frequency of 5.405 GHz (ESA, n.d.) and a narrow bandwidth (usually in scale of MHz),
a wide band radar such as the one used for the Icebird 2019 experiment, emits radar
signals ranging from 2 GHz to 18 GHz (Hendricks et al., 2019). There are several ways
the frequency can be modulated including sawtooth, triangular, square-wave and stepped
modulation, which all describe how the frequency changes over time. For example, a
sawtooth modulation means that the frequency increases linearly overtime and returns to

its original value at the end of a cycle, as is shown in Figure 2.2.
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Figure 2.2: Sawtooth modulation (EuroMotor virtual college., n.d.)

The core characteristics of a wide band radar is the modulated frequency in which
the constant change in frequency provides the system with a time delay to determine
accurately when the signal was emitted and when its echoes are received as shown in
Figure 2.3 (Griffiths, 1990; Mostafa, 2019; Wolff, n.d.). In contrast, a normal CW radar
system cannot determine the time when a signal is transmitted, and its echo received to

calculate target ranges due to the lack of time markers.

transmitted
signal

'%d

1 echo signal
-

h 1

Figure 2.3: Time delay between the transmitted and received signal (Wolff, n.d.)



A simplified wide band radar system is shown in Figure 2.4, where a signal with
modulated frequency, called a Chirp is transmitted at the chirp/FMCW generator. The
received echo is enhanced and correlated with the original chirp to form the beat signal
(Mostafa, 2019; Brooker, 2005). To convert the beat signal to detect ranges, a range Fast
Fourier Transformation (FFT) is used where each range FFT bin equals a specific distance.

After the transformation, the peaks in the waveform often represent the presence of targets

= > )
&
(¢) &

at different distances.

y(t) "t

Figure 2.4: A simplified wide band radar system (Mostafa, 2019)

Stelzer et al. (2008) and Panzer et al. (2013) provided the following equation for

calculating distance for objects in a vacuum or open air from a wide band radar system.

CO|At| _ C()|Af|
2 2(d(f)/d(t))

R= (2.2)

where c¢q is the speed of light; At is the time delay; A f is the measured frequency difference;

d(f)/d(t) is the frequency shift per unit of time. And the range resolution of a specific

10



wide band radar is calculated using the following equation:

Co

Rmin = 5
2B

(2.3)

where B is the bandwidth of the chirp.

There are a number of advantages for the wide band radar. The wide band radar
provides a highly accurate measurement of range. It is also capable of measuring target
ranges and their relative speed at the same time (Stove, 1992; Wolff, n.d.; Griffiths, 1990).
In terms of the interaction between a wide band radar and a snowpack, similar to using
a FMCW radar to identify objects at different distances, different interfaces, for example,
air-snow interface, are often represented by peaks in the converted beat signal due to the
drastic changes in dielectric properties. Figure 2.5 demonstrates an interaction where only
two interfaces would be recorded in the beat signal (Farrell et al., 2012). Compared with
a regular radar system with a fixed frequency where the backscatter components can often
be determined by the radar parameters and snowpack parameters, due to the modulated
frequency of a wide band radar, the backscatter from the snowpack would not only be from
the two interfaces but also from within the snowpack, making the ideal two-peak waveform
unlikely. In addition to waveforms containing other information than the two interfaces,
there also exists the possible confusion between an air-snow interface return from the next

cell and the snow-ice return from the current cell, as is shown in Figure 2.6 (Galin et al.,

2012).
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Figure 2.5: 2-peak waveform demonstrating the interface impulse response (Farrell et al.,
2012)
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Figure 2.6: Ambiguity between air-snow and snow-ice interface (Galin et al., 2012)
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2.3 Characterizing Wide Band Radar Waveforms

Multiple papers have described approaches to run classification algorithms on the
radar waveform based on the fact that waveforms from a radar altimeter for different types
of sea ice will have noticeable different shapes as is shown in Figure 2.7 (Miiller et al., 2017;
Zygmuntowska et al., 2013; Shen et al., 2017; Ricker et al., 2015; Aldenhoff et al., 2019).
It is necessary to note that radar altimeters are similar to the wide band radar system but
they normally have a relatively coarser range resolution. In addition to distinguishing first-
year ice from multi-year ice, similar concept of comparing the characteristics of waveforms
for different objects was also used for detecting leads in polar oceans (Dettmering et al.,
2018). There are differences in details and how the classifications were conducted, but the
initial step for these applications is similar which is characterizing the radar waveforms

using several parameters.

200 Ocean 800 | Lead Sea Ice
2 ) i
‘= 150 = 600 = 200
S S S
5 100 = 400 =
= = = 100
£ 50 £ 200 | &
0 ) 0 A 0
20 60 100 20 60 100 20 60 100
Range bin Range bin Range bin

Figure 2.7: SARAL radar altimeter waveforms for ocean, lead and sea ice (Miiller et al.,
2017)

Common parameters used across different papers include the maximum return

13



power, stack standard deviation (SSD) which illustrates the variation in surface backscatter
in relation to incident angles (Ricker et al., 2015, Wingham et al., 2006), pulse peakiness
of the maximum return peak, leading edge width (LeW) and trailing edge width (TeW), as
is shown in Figure 2.8. Zygmuntowska et al. (2013) defined LeW as the distance between
1% and 99 % of the maximum power return after fitting a Gaussian curve to the leading
edge while TeW was defined as the distance between 99% and 1% of the maximum power
return after fitting a Gaussian curve to the trailing edge. Additional characteristics are
added based on specific research areas and goals. For lead detection, sea-ice concentration
was added to distinguish between sea ice and open water (Dettmering et al., 2018). Ricker
et al. (2015) utilized a second peakiness measurement parameters, stack kurtosis (K) to

determine how susceptible the distribution is to an outlier.

14
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Figure 2.8: Definitions of LeW and TeW (Zygmuntowska et al., 2013)

The reason why characterizing waveform is important is that it offers a way to quan-
tify the general shape of the waveform and represent a certain shape in a set of parameters
that can be fed into various classification algorithms. The first approach was to classify
the waveforms into as many clusters as was needed to achieve a desirable separation and
then manually condense the clusters based on cluster waveform characteristics and prior

knowledge into different surfaces depending on the study (Miiller et al., 2017; Dettmer-

15



ing et al., 2018). In comparison, a second approach was taken by Shen et al. (2017) to
feed the characterizing parameters of waveforms instead of the waveforms themselves into
classifiers. A wide range of combinations of parameters were tested on numerous different
classification algorithms. In a similar perspective of utilizing characterizing parameters in
analyses is to set thresholds for those parameters to classify waveforms into specific surface

types, as was explained by Ricker et al. (2015).

Similar to these applications of characterizing and classifying radar waveforms on
sea ice, snowpacks with different snow depth would have wide band radar waveforms with
different shapes, and therefore, it is possible to apply the same technique to snow depth
retrieval. However, in terms of radar waveform shapes, the difference between a 20 cm
snowpack and a 30 cm one is considerably less obvious than the difference between first-
year ice and multi-year ice. Instead of focusing on the overall shape of the waveforms,
peaks in the wide band radar waveforms that potentially represent interfaces between
mediums with different dielectric properties are utilized for snow depth retrieval on sea
ice. Despite the different perspective, some waveform characterizing parameters described
above have been successfully scaled down to be applied to characterizing individual peaks,

most notably the pulse peakiness concept.
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2.4 Existing Algorithms for Wide Band Radar Snow

Depth Retrieval

As is shown in Figure 2.5, all the retrieval methods described below are focused
on obtaining two interfaces, the air-snow interface and snow-ice interface. Once the two
interfaces are determined, snow depth was calculated by multiplying the time difference
between the two by the speed of light in the snowpack based on an assumption of snow

density.

2.4.1 Kurtz et al. (2013) algorithm

Kurtz and Farrell (2011) and Kurtz et al. (2013) described the snow depth retrieval
algorithm used in NASA’s OIB. As it was an ongoing campaign, data was collected using
slightly different radar systems. For Kurtz and Farrell (2011), the radar system used had
a operating frequency range of 2.5-7.0 GHz and for Kurtz et al. (2013), the system had a

frequency range of 2.0-6.5 GHz.

It was found that the strongest peak of the waveform corresponded to the snow-ice
interface while the air-snow interface often was not represented by a specific peak (Kurtz
et al., 2013; Farrell et al., 2012). The reason that air-snow interface was harder to match
to a specific peak, as explained by Kurtz et al. (2013) was the combination of snow
density variations, surface roughness as well as volume scattering, all of which resulted in

a relatively more sophisticated waveform than the ideal two clear peak pattern.
As for the algorithm itself, there were slight differences between the ones used in
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Kurtz and Farrell (2011) and Kurtz et al. (2013) due to the latter having an improved radar
system. Therefore, the retrieval from the latter will be the focus here. First, a starting
point of the search for the air-snow interface was defined as the first point whose return
power in dB exceeded a set empirical threshold in addition to having the mean return
power of its subsequent 6 range bins being above the same threshold (Kurtz et al., 2013).
Second, after this starting point was found, the air-snow interface was defined as either the
first point of continuous power increase or a local maximum that was greater than a set
empirical threshold. Finally, snow depth was obtained using the aforementioned method
of multiplying the time between two interfaces by the speed of light in the snowpack which

was determined using snow density provided in previous studies.

During the retrieval, selected data were discarded due to various reasons including
negligible snow cover on open water and newly frozen leads, insufficient signal power, and

from physical confounding surface states such as the presence of liquid water (Kurtz et al.,

2013).

2.4.2 Kurtz et al. (2014) algorithm

The principle behind GSFC-NK was similar to the NSIDC method where the key
to snow depth retrieval was obtaining air-snow and snow-ice interface. Kwok et al., (2017)
explained that the GSFC-NK algorithm was a waveform fitting method that matched
a model waveform to the wide band snow radar data and the two interfaces were from
the fitting results. A more detailed description could be found in Kurtz et al. (2014).

A physical model for the radar altimeter onboard CryoSat-2 was established to simulate
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waveforms over sea ice, after which a lookup table for a discrete set of cases for Arctic sea
ice was created to enable fitting of individual waveforms. Discrete cases were later linearly
interpolated using a fitting routine with calculated interpolation coefficients. According
to Kurtz et al. (2014), to reduce the differences between the model fit and CryoSat-2
waveforms, a least-squares fitting routine utilizing a bounded trust region method was

employed.

Kwok et al., (2017) noted that the fitting algorithm was extremely sensitive to the
selected fitting parameters, and for data from operation Icebridge, some of the parameters

were chosen based on existing NSIDC empirical algorithms.

2.4.3 Koenig et al. (2016) algorithm

The Snow Radar Layer Detection (SRLD) algorithm was developed for detecting
deeper layers below the snow-ice interface for land ice (Kwok et al., 2017 & Koenig et
al., 2016). In the original algorithm, to determine air-snow interface, a median filter was
applied vertically in the echogram to each radar trace to reduce noise and then the interface
was obtained by setting a threshold of 4 times the background noise level (Koenig et al.,
2016). After the snow surface was defined, the waveforms were aligned to the surface and

layers below the surface were labeled by using a high-pass filter to detect different peaks.

To adapt the algorithm in Koenig et al. (2016) for snow depth retrieval on sea ice,
a gradient between open air snow radar returns and the maximum return was established.
Open air radar return was defined to be a sample median of the values above the surface

(Kwok et al., 2017). Air-snow interface was obtained by locating where the radar return had
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exceeded background noise level, i.e., open air return, near the beginning of the gradient.
And snow-ice interface was set to be the place near the end of the gradient where a
maximum peak was produced due to the dielectric difference in ice and snow. According

to Kwok et al. (2017), the gradient threshold values vary from frame to frame.

2.4.4 Newman et al. (2014) algorithm

The Wavelet algorithm was introduced in Newman et al. (2014) and was made up of
three components. First, two interfaces were estimated using the Haar wavelet-continuous
wavelet transform (Haar-CWT). According to Newman et al. (2014) the advantage of
using the Haar-CW'T method is that it allows the developed snow depth retrieval to be
independent from changes in transmitted power and receiver noise, both of which vary
during different campaigns. Therefore, by using the Haar-CW'T, the approach does not
require fixed thresholds like other methods, such as the NSIDC method in Kurtz and Farrell

(2011) and Kurtz et al. (2013).

More specifically, the Haar-CW'T was developed and optimized to detect sudden
transitions within the waveform (Kwok et al., 2017), and because of the dielectric contrasts
between air, snow and ice, the sudden transitions in a waveform could be determined to be
interface returns. To detect air-snow interface, the waveform was transformed into logarith-
mic scale while for snow-ice interface, the waveform was fed into the algorithm unchanged.
CWTT coefficients at each scale which started at scale 3 and ended at a manually set max-
imum scale were calculated using the two different inputs, normal for snow-ice interface

and logarithmic for air-snow interface. A sum of all the CWT coefficients from odd scales
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were obtained and the interfaces were defined as the range bin where the aforementioned

sum reached its maximum (Newman et al., 2014).

Second, a topographic filter was applied to the retrieved snow depth where interfaces
chosen in locations with heavily deformed ice topography were discarded. More specifically,
a parameter f,,, which was calculated by subtracting the elevation of the 5th percentile
of Airborne Topographic Mapper(ATM) measurements from the elevation of the 95th per-
centile of ATM measurements. A flat surface would have a hyop, of 0 and any interface
chosen in places with a hy.p, larger than 50cm was neglected (Newman et al., 2014; Kwok
et al., 2017). The third and final component of the Wavelet algorithm was assigning snow

depth precision to each retrieved snow depth independently (Kwok et al., 2017).

2.4.5 Kwok and Maksym (2014) algorithm

Kwok et al. (2017) explained that the JPL algorithm was a simplified version of
the one purposed by Kwok and Maksym (2014). Similar to some of the other approaches,
a baseline assumption was made that the maximum power return peak was the snow-ice
interface. To determine whether a peak was significant enough to be considered for being
a potential interface peak, instead of using a pre-determined intensity return threshold,
Kwok and Maksym (2014) used how far a peak deviated from neighboring returns. More
specifically, 2 conditions were to be met; first, a peak return needed to be above a signal
level defined by neighbouring returns and the system noise level. And second, a peak
return needed to be above a signal level defined by returns one range bin away from the

peak. The farthest peak identified this way was designated as the air-snow interface. In
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addition, Kwok and Maksym (2014) also provided improved criteria which utilized peak
signal to noise ratio (PSNR) for detecting air-snow interface to decrease the effect of radar
sidelobes. The algorithm used several parameters determined by the radar system, and
therefore could adapt well to the improvement made during Operation Icebridge missions

(Kwok et al., 2017).

2.4.6 Julita et al. (2021) algorithm

Julita et al. (2021) provided a different interface-choosing method based on the
existing concept of pulse peakiness. As this will be further discussed in detail, only a
brief introduction will be provided here. Instead of calculating the pulse peakiness of the
entire waveform, which is based around the maximum return peak, this approach in turn
calculated pulse peakiness for each individual peak that had the potential of being air-snow
interface or snow-ice interface, after which, the pulse peakiness of these peaks was used in

conjunction with manually set thresholds to determine the two interfaces.
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Chapter 3

Snow Depth Retrieval from Wide

Band Radar in Trail Valley Creek

3.1 Introduction

Seasonal snow is an essential component of the hydrologic cycle, where changes in
snow cover and distribution can have significant impacts on precipitation, wildlife, and
water supply. In addition, variations in snow cover can serve as an indicator for climate
change (Croce et al., 2018). A timely accurate estimate of snow depth or snow water
equivalent (SWE) can be used for hydrology and climate modeling, managing local water

supply as well as presenting a quantifiable parameter that responds to climate change.

It is because of the necessity of snow monitoring that the methods for snow depth

/ SWE estimates have been developed throughout the years. While field measurements or
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records from weather stations are known to be reliable, they are localised in representative-
ness and so to cover the vast areas around the globe, remote sensing technology including

passive and active microwave sensors have been utilized along with numerical models.

More specifically for snow depth or SWE retrieval using active sensors, there have
been experimental observation methods developed utilizing radar systems at Ku or X
band (Yueh et al., 2009; Oveisgharan et al., 2020; Leinss et al., 2015). As explained by
Leinss et al. (2015) and Oveisgharan et al. (2020), it is possible to retrieve SWE with
the interferometric phase differences between two measurements at specific frequencies,
especially at L-band. Cui et al. (2016) proposed using Synthetic Aperture Radar (SAR)
observations at Ku and X band coupled with a backscatter forward model to estimate the
optical thickness of the snowpack. By contrast, Operation Icebridge (OIB) deployed an
experimental wide band radar with a frequency range of 2-8 GHz which differs from the
radar systems used by Leinss et al. (2015) and Cui et al. (2016) in that the frequency
of the transmitted signal is constantly modulated. In addition, various other FMCW
radar systems have also been used for SWE retrieval and snow stratigraphy measurements
(Marshall and Koh., 2008). However, as those mostly ground-based FMCW radar systems
are not the focus of this paper, a wide band radar here is specifically defined as an airborne
FMCW radar capable of operating in a wide bandwidth similar to the ones used in OIB

and AWTI Icebird campaigns.

Currently, most snow depth retrieval algorithms using data collected by a wide band
radar are based on obtaining two crucial interfaces, air-snow interface, and snow-ice / snow-
ground interface (Kwok et al., 2017). As OIB which provided a large percentage of the data

used for developing various retrieval algorithms is focused on offering detailed information
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about polar ice, most of these retrieval methods are for snow on sea ice. According to
Kwok et al. (2017), the difference amongst these algorithms mainly lies in how the two
interfaces are obtained and how they are optimized for a specific radar system. Kurtz
and Farrell (2011) and Kurtz et al. (2013) proposed an interface identifying method that
combined searching for local maximum and empirical thresholding, which was adopted by
the National Snow and Ice Data Center (NSIDC). Later on, a waveform fitting method
was developed by Kurtz et al. (2014) where a physical model was established to simulate
wide band radar waveforms over sea ice and the two interfaces were obtained by fitting
data to the model. In addition, a retrieval based on the gradient of radar intensity return
was adapted from Koenig et al. (2016) and tested in Kwok et al. (2017). In comparison,
Newman et al. (2014) took a slightly different approach that avoided the need for fixed sets
of thresholds used by several previously mentioned methods. As demonstrated by Newman
et al. (2014) and Kwok et al. (2017), a Haar-CWT was utilized to detect abrupt changes
within the waveform and those identified abrupt transitions were used to determine the
two interfaces under specific criteria. To cope with the gradual improvement of the radar
system used in different campaigns in OIB, a simplified version of the algorithm from
Kwok and Maksym (2014) was developed where interfaces were located by measuring their
deviation from their neighbors. Kwok et al. (2017) concluded that all methods described
above were capable of reproducing the high snow depth pattern expected in the study area,
but the performance of each individual method when compared with field measurement
differs. More specifically, according to Kwok et al. (2017), when comparing the retrieval
snow depth from these five methods with field data from FEureka, their corresponding mean

bias are -0.8 cm (kurtz et al., 2013), -5.7 cm (kurtz et al., 2014), 1.3 cm (Koenig et al.,
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2016), 2.0 cm (newman et al., 2004) and -2.2 cm (kwok and Maksym, 2014)

In addition to its application in snow depth retrieval, FMCW radar has also been
used for sea ice classification in the form of radar altimeter onboard satellites. For sea
ice classification, instead of looking for interfaces, the shape of the waveform is of more
importance (Miiller et al., 2017; Zygmuntowska et al., 2013; Shen et al., 2017; Ricker
et al., 2015; Aldenhoff et al., 2019). Different types of sea ice as well as open water
present waveforms of various shapes and therefore can be classified by running numerous
classification algorithms. While the difference of waveform shapes amongst snowpacks with
different thickness may not be as prominent, it can be argued that it may be possible to
apply the same principle to classify waveforms of snow on sea ice / land into clusters of

different snow depths.

Since the start of OIB, most algorithms developed including the ones described
above are for snow on sea ice because of several possible reasons. First, the difference
between dielectric properties of snow and frozen soil is generally weaker compared with
snow and sea ice; second, the presence of vegetation presents a sizable challenge. When
there is vegetation buried in the snowpack, it would likely increase the complexity of the
snowpack while if the vegetation is emerging from the snowpack, it could interfere with
radar waveforms before they reach the snowpack. Thirdly, terrain features on land like
steep slopes and hummocks could further increase the complexity of the waveforms. In
addition, the frequency range of the radar systems used by these algorithms are often not
wide enough to cover shallow snow. However, Icebird 2019 Winter collected data over the
Trail Valley Creek research station using a wide band radar with a frequency range of

2-18 GHz and this provides an opportunity to examine waveforms for snow over various
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land terrain features including different types of vegetation as well as hummocks and to
determine whether principles behind snow on sea ice algorithms can be used for snow on

land.

As a result, the goal of this study is to test the applicability of the interface-based
snow depth retrieval methods developed for snow on sea ice to snow on land, and to
explore the possibility of adapting sea ice waveform classification algorithms for snow depth

retrievals. To achieve these goals, specific objectives are to:
1. Apply and adapt the pulse peakiness algorithms for snow on sea ice to snow on land.

2. Explore the effect of surface vegetation and topography on the wide band radar

waveform retrieval performance.

3. Develop a classification based snow depth retrieval method based on sea ice classifi-

cation approach.

3.2 Study Area

The study area for this experiment is based at the Trail Valley Creek (TVC) research
station, located at the northern boundary of the tundra-boreal forest ecotone, roughly 50
km north of Inuvik, Northwest Territories (Pohl et al., 2005; Pomeroy et al., 1998). The
TVC research basin is within the Inuvialuit Settlement Region near the Inuvik-Tuktoyaktuk
Highway. The watershed drains approximately 58 square kilometers into the Husky Lakes
Estuary network. In addition, the basin itself is underlain with a continuous ice-rich

permafrost (Trail Valley Creek Arctic Research Station, n.d.).
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Topographically, the area is dominated by gently rolling hills (Pohl et al., 2005). A
major terrain feature of the study area is the hummocks, which are defined as sub-meter
to meter-scale circular to oval mounds (Verret et al., 2019). The existence of hummocks
leads to a relatively large amount of the micro terrain that is below the spatial resolution
of most field measurements. More complex terrain is present in the southern margins of

the study area, in proximity to forests.

According to Boike and Griinberg (2019) and Palmer et al. (2012), the study area
contains 6 main vegetation types including trees (white and black spruce (Picea glauca
and Picea mariana), tall shrubs, riparian shrubs, dwarf shrubs, tussocks, and lichens.
Tussocks, lichens and dwarf shrubs are the dominant vegetation types while trees and tall
shrubs have a relatively sparse distribution. For tall shrubs particularly, there are often
other low height vegetation in between two tall shrubs (Boike and Griinberg, 2019). The
landscape also features several lakes as shown in Figure 3.1 with a number of streams and

rivers running through the study area.
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Figure 3.1: Landsat 8 images of study area; left is from 2019.06.18 and right is from
2019.04.15. Red triangle represents the location of TVC research station

3.3 Datasets

3.3.1 Snow Radar Data and Airborne Laser Scanning (ALS)

Data from Icebird 2019 Winter

The Icebird 2019 Winter campaign was aimed at conducting sea ice surveys over

different ice regimes to observe, analyze and estimate sea ice thickness in addition to
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examining regional snow distribution (Hendricks et al., 2019). An airborne wide band
snow radar system observed snow on sea ice and an airborne laser scanner (ALS) system
observed surface roughness features (Hendricks et al., 2019). Five field observation periods
were planned for the 2019 winter campaign, in which the fourth period, conducted between
April 6th and April 11th, 2019, was when the snow radar and ALS data were collected and
are used in this study. The particular study date that covered the TVC region was April
10th, 2019.

The onboard ALS system was a Riegl VQ-580 (Hendricks et al., 2019). The ALS
point cloud data used in this study was level 1b with the included metadata consisting
of geolocation and positioning information. With AWT toolbox (Alfred Wegener Institute,
Helmholtz Centre for Polar and Marine Research, 2019), it was possible to filter the large

point clouds by time period and narrowed it down to point clouds that were within the

TVC study area.

The snow radar system, mounted on the Polar-6 Basler BT-67, aircraft was set to
operate in Frequency-Modulated and Continuous Wave (FMCW) mode for low-altitude
missions. The aircraft flew at an elevation of approximately 61 m (200 ft) and 488 m
(1600 ft) when using the radar for observation (Hendricks et al., 2019). The wide band
radar operated at a frequency between 2 and 18 GHz with 2 receiving channels (horizontal
and vertical). Four combinations of polarization observations were achieved, VV, VH, HV,

HH. The theoretical range resolution within the snowpack, assuming a snow density of 300
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kg/m3, was 1.14 cm, calculated using the following equation:

R, — kxcox0.5 (3.1)
B x /(1+0.51 x p)3

where c¢q is the speed of light in a vacuum, k is parameter that re-spaces the waveform
array data, B is the radar bandwidth and p is the density of the snowpack (Julita et al.,
2021).

At 61 m (200 ft) height, the radar had an across-track footprint of 2.1 m and an
along-track footprint of 2.0 m while at 488 m (1600 ft) height, the two respective footprints
were 6.0 m and 10.8 m. According to Hendricks et al. (2019), initial processing of the raw
wide band radar was done using CRESIS Matlab Toolbox, followed by coherent noise

removal and deconvolution of echograms (Julita et al., 2021).

After the pre-processing, the data was separated in to 24 continuous segments of the
flight path in a Matlab file format. Within the TVC study area, elements from 6 different
flight paths were used (path numbers 1, 2, 6, 7, 11, 12, at VV polarization). The reason for
using VV polarization instead of HH is that VV waveforms are generally of higher quality,
for example, less noise and interference, and are more suited for identifying peaks. Using
PySnowRadar (King et al., 2020), the files were read into python and each waveform was
presented as a 1x14050 numpy array, with each element of the array being an intensity
return. Each waveform data record included the impulse data, longitude, latitude, and the
elevation of the aircraft. Figure 3.2 shows the flight line locations. Waveforms over water
bodies (lakes and rivers or streams) were removed from the analysis leaving a total of 3128

radar data locations.
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Figure 3.2: Location of the used radar data points colored by flight elevation (Landsat 8
from 2019.04.15 as background)
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3.3.2 ALS Point Clouds From 2016

A snow-free ALS data set for the study region was acquired on September 13th,
2016, using a Riegl LMS-Q680i. The reasons for this flight was to provide a snow-off DEM
for the development of a lidar snow depth product when combined with a snow-on DEM
from 2019. Details of data acquisition can be found in Anders et al. (2016). Three products
from Anders et al. (2016) were used in this study including a digital terrain model (DTM),
maximum vegetation height map and mean vegetation height map, as is shown in Figure
3.3. All three data have a spatial resolution of 1 m and were later clipped to the study area.
The 2016 DTM was used as a snow-off reference for the 2019 snow-on DTM to generate
a snow depth map. Both vegetation height maps were used in conjunction with the TVC

vegetation map to provide a guideline for typical heights of different vegetation types.
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Figure 3.3: 2016 snow off DTM, max vegetation height and mean vegetation height maps
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3.3.3 Field Snow Depth Probe Measurements

Field snow depth data were collected during three field campaigns in the winter of
2018-2019. Snow measurements focused on the open tundra area around the TVC research
Station. Snow depth measurements were made using a GPS-enable depth measuring probe,
called a Magnaprobe (SnowHydro, n.d.). Table 3.1 shows the dates of the three campaigns
as well as the number of depths recorded. In this paper, only the data from the last
campaign were used because this campaign was temporally closest to when the radar
flights took place on April 10th. Due to the limited coverage of the 2019 ALS point clouds,
only approximately half of the measurements from the third Campaign were used (4334
points), whose locations and snow depth distribution are shown in Figure 3.4 and Figure
3.5. Most points have a snow depth between 0.3 and 0.5 m. The mean snow depth for
all the used measurements is 0.42 m with a standard deviation of 0.13 m. As the field
measurements do not cover gulleys where deep snow is most likely to accumulate, there

are few points with snow depth higher than 0.9 m.

Table 3.1: Details of three field campaigns

Dates Number of Depths Recorded
First Campaign November 12th -18th 2018 | 6185
Second Campaign January 11th-20th 2019 6740
Third Campaign March 19th-27th 2019 8541
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Figure 3.5: Histogram distribution of snow depth measurements (collected between
2019.03.21 and 2019.03.26)

In addition, Table 3.2 shows the mean and median snow depth and its standard
deviation for each vegetation type from the field data. Among the six vegetation types, tree
and tall shrub have the deeper snow but also a larger standard deviation while dwarf shrub,
tussock and lichen are comparable in terms of mean, median snow depth and standard
deviation.

Table 3.2: Mean and median snow depth and standard deviation for each vegetation type

Tree Tall Shrub Riparian Shrub Dwarf Shrub Tussock Lichen

mean (m)  0.56 0.63 0.49 0.42 0.42 0.43
median (m) 0.56 0.65 0.47 0.41 0.41 0.43
std (m) 021 0.16 0.17 0.13 0.13 0.12
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3.3.4 TVC Vegetation Map

To account for the effect of different underlying vegetation on the radar waveform,
a vegetation map was used to analyse spatial variability of vegetation type in the study
region. A vegetation map of TVC was provided by Boike and Griinberg (2019), with a
spatial resolution of 10 m. Vegetation is classified into 6 classes including tree, tall shrub,
riparian shrub, dwarf shrub, tussock, as well as lichen as is shown in Figure 3.6. The map
also contains a seventh class, water. The map covers the same area as the 2016 ALS point

clouds data introduced above and is clipped to the study area.

According to Boike and Griinberg (2019), the vegetation map was generated through
combining ALS point clouds and airborne orthophotos. Reference areas were chosen and
vegetation types in these areas were classified manually, after which a set of parameters
were calculated to characterize each vegetation type. Parameters include terrain attributes
derived from ALS point clouds (e.g. slope, aspect, vegetation height, etc) as well as spectral

attributes from orthophotos (e.g. average hue, average saturation, etc.).

In their study, Boike and Griinberg (2019) reported a final map accuracy of 87.7%
for the validation dataset and 89.5% for the calibration dataset. However, it was noted
that with a 10 m spatial resolution grid, mixing of different vegetation types was likely in
a single cell, specifically for tall shrub, where the actual tall shrubs are sparse and between

the tall shrubs are normally low vegetation.
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Figure 3.6: TVC vegetation map (Boike & Griinberg, 2019).

39



3.4 Methods

3.4.1 Pre-processing

Data pre-processing was divided into 2 components: the generation of a snow depth
product for April 2019 and radar waveform pre-processing. Because the sparse field snow
depth measurements did not spatially match the flight path of the airborne wide band
radar, to provide snow depth reference for each radar data location, a snow depth product
was generated by differencing the snow-off DTM from September 13th, 2016 from the
snow-on DTM from April 10th 2019. In addition, based on the snow depth distribution
from the field data, any snow depth that is above 2.5 m or a negative value is treated as

invalid (NaN).

Four pre-procesing steps were applied to radar waveform to prepare them for anal-
ysis. First, for each radar waveform (14050 range bins), the first 500 and the last 500
bins were removed to eliminate residual noise from these range bins, as is shown in Fig-
ure 3.7. More specifically, the maximum return of each waveform is assumed to be the
snow-ground interface because the difference of dielectric properties between snow and soil
is theoretically the largest amongst all different interfaces. However, for some waveforms,
the maximum return is located in the beginning range bins or in the final range bins, and
is an artefact of system processing rather than geophysical signal since both sets of range

bins are located geometrically far from where the snow-ground interface is expected.

Second, a mean noise value was recorded for each waveform by averaging the first

100 returns after the first step. This was used as base reference to distinguish an interface
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Figure 3.7: Interference in the beginning and final bins

peak in the waveform from noise. Third, the waveform was further reduced in length to
300 range bins, 150 bins before and 149 bins after the waveform maximum. The waveform
maximum response is assumed to be the ground surface (snow-ground interface) which
has the strongest power return. The reason for centering each waveform on its maximum
was to provide a consistent reference when comparing different waveforms, regardless of
ground elevation and flight elevation. This is especially significant and necessary step when
conducting waveform classification because places that have the same snow depth may have
a variety of waveform shapes due to differences in ground and flight elevation. However,
the number of bins is arbitrary, and is largely influenced by the distribution of snow depth.
Fourth, the waveforms were linearly normalized by dividing each return by its maximum

respoise.
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3.4.2 Evaluation of Lidar Snow Depth Product

Field snow depth data from King et al. (2020) collected between 2019.03.21 and
2019.03.26 were used as a ground reference to evaluate the lidar snow depth product ob-
tained from differencing the 2016 and 2019 DTMs. The 1 m cells of the lidar product
were converted into a point shapefile using the centroid of each cell. For each field snow
depth measurement, its coincident lidar snow depth was obtained by selecting the closest
converted lidar snow depth centroid within 1 m as is shown in Figure 3.8. Comparisons of
field and lidar snow depths were conducted for each vegetation type. Distribution param-
eters for both data were calculated (mean, standard deviation, and median) in addition to

obtaining mean absolute error (MAE).
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Figure 3.8: Matching field snow depth and lidar snow depth

3.4.3 Estimation of Snow Depth Using the Pulse Peakiness Ap-

proach

Julita et al. (2021) described the pulse peakiness approach as one of a range of
peak picking methods based on the pulse peakiness of local peaks. Most methods have
been applied for sea ice applications (Kwok et al., 2017; Newman et al., 2014; Kurtz et
al., 2013). As a peak in the waveform can potentially indicate the boundary between two

mediums with different dielectric properties, the approach was essentially searching for

43



peaks that represent the air-snow and the snow-ice interfaces. Logarithmic scale of the
impulse return was used for locating the air-snow interface and linear scale of the intensity
returns was used for obtaining the snow-ice interface. The reason for using linear for the
snow-ice interface is that the difference of dielectric properties between snow and sea ice
is large enough that using a linear scale will decrease the number of peaks detected while

preserving the interface peak.

Eligible peaks were selected by applying a threshold over all detected peaks based
on manually input parameters (log threshold & linear threshold) as well as the mean noise.
A screening process was applied after identifying all the eligible peaks: if in linear scale,
there were more than 5 eligible peaks, the waveform was considered too complicated to
produce a robust result. For waveforms with fewer than 5 linear eligible peaks, two pulse
peakiness values were calculated for each eligible peak. Unlike the pulse peakiness used in

sea ice classification, Julita et al. (2021) defined these two pulse peakiness (left and right)

as:
S ea
PP = —— x N (3.2)
N Zi:l Speak—i
PP, Speat x N (3.3)

- % Z’fil Speakﬂ'
where Speqr is the linearly normalized intensity return, N is the bin range before and
after the local peaks indicating how many bins are included into the calculation. It was
recommended to use N = 10 because it was 2 times the range resolution of the radar (Julita
et al., 2021). Finally, air-snow interface was defined to be the first eligible peak whose PP,

exceeded a set threshold while snow-ice interface was defined to be the last eligible peak
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whose PP, exceeded another set threshold.

Two changes were made to the pulse peakiness method that was developed for snow
on sea ice. First, the process of defining the snow-ground interface using pulse peakiness
"right” (equation 3.3) was removed and instead, it was assumed that the strongest return
would be the snow-ground interface. For sea ice applications, there may be circumstances
where the strongest return was the air-snow interface due to high brine concentrations in
the lower part of the snow. Geldsetzer et al. (2019) has shown that the C-band radar
response from snow on first year sea ice is complicated by the brine layer. The effect of
the brine layer on other frequencies as wide band radar covers from 2GHz to 18GHz is
less well described and possible future work is needed. Pulse peakiness right is introduced
to address the situations where air-snow interface is the strongest return. However, for
terrestrial snow, this is irrelevant. Second, additional screening process were added to
overcome the complexity of the waveforms. Compared with snow on sea ice, it is expected
that there are considerably more complex reflections in waveforms on land especially due
to complicated vegetation interactions. Two kinds of complex interaction are expected:
interactions between the wave, snow and emergent vegetation such as trees and tall shrubs,
and interactions between snow and buried vegetation such as dwarf shrubs. Therefore, in
addition to the original screening where the waveform must have no more than 5 eligible
linear peaks to have a valid output, 3 more restrictions were added. To begin with, the
normalized linear return of the air-snow interface peak must be less than 0.6. Moreover, the
air-snow interface must be ahead of the strongest return (assumed snow-ground interface)
in range bin sequence. Finally, a target peak was introduced to further filter out the

waveforms that were too sophisticated. A target peak was defined to be the closest eligible
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logarithmic peak to the reference air-snow interface, where the reference air-snow interface
was obtained by converting the lidar snow depth into range bins using an assumed snow
density. This is shown in Figure 3.9. For any waveform, if no target peaks were present
within 20 range bins of the reference air-snow interface, then the waveform was considered

to be ambiguous and was removed from the analysis.

10
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Figure 3.9: Example target peak defined by the closet eligible log peak to the lidar reference
air-snow interface (waveform shown is from tussock)

In summary, the snow-ground interface was assumed to be the strongest return in
the waveform. Therefore, the algorithm required 3 parameters instead of the 4 originally
defined by Julita et al. (2021): 1) logarithmic threshold for determining eligible peaks in
logarithmic scale; 2) linear threshold for determining eligible peaks in linear scale, and 3)
the left pulse peakiness threshold for choosing the air-snow interface. All three parameters

were optimized by using lidar snow depth data as reference. For both logarithmic and
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linear threshold, the range was set to be between 0.1 and 0.9; for the left pulse peakiness
threshold, the range was from 10 to 35. Optimization scoring for each set of parameters is

shown below:

score = 0.75 x MAE — 0.25 x number of valid outputs (3.4)

Both MAE and the number of valid outputs were normalized to ensure they were
similarly scaled (from 0 to 1). In addition, to ensure there would be sufficient points for
evaluation, a requirement for the number of valid outputs under any set of parameters
must be above 10% of the total points was added. Optimization was performed for each
vegetation type separately. Finally, the best set of parameters were defined as the ones

with the lowest score (equation 3.4).

The optimization algorithm was run using 3 different divisions of the dataset. First,
it was run on the entire dataset, and then the optimal parameters were applied to the entire
dataset, which represented a best-case scenario. Second, it was run on an 80-20 split of the
dataset; 80% of the data were used for optimization/training and 20% of the dataset for

testing. Third, a 50-50 split of the dataset, 50% optimization/training and 50% testing.

3.4.4 Estimation of Snow Depth Using a Classification Approach

As snowpacks with different snow depths are expected to have different waveform
shapes, traditional classification algorithms’ capability of separating various waveform

shapes into clusters as was seen in sea ice classification is the base principle of this ap-
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proach. However, unlike sea ice classification where the end goal is different classes, snow
depth retrieval presents a challenge where the separability of a 20 cm snowpack and a 25
cm snowpack in terms of waveform shapes is considerably less than that of sea ice and open
ocean as is shown in 2.7. Consequently, a hybrid approach of combining classification and
the pulse peakiness based interface method was developed and tested. T'wo basic assump-
tions were made: 1) there is a correlation between the location of the air-snow interface
peak and two parameters, pulse peakiness left and logarithmic scale return of the interface
peak; and 2) a classification algorithm is capable of clustering waveforms of similar snow
depth together. When compared with a pure classification approach, utilizing a interface-
based method allows the output of a specific snow depth and to some degrees overcome the
low separability mentioned before while if compared with a pure pulse peakiness approach,
the hybrid method does not need manually defined pulse peakiness left and logarithmic
threshold values and instead uses the training data as knowledge to select the air-snow

interface, similar to what was done in Kurtz et al. (2013).

The data were split equally into training and testing set. A classification was then
performed on the training set. Theoretically, the classification algorithm could be any clas-
sification algorithm, an unsupervised K-means classification was chosen here to generate
statistically unique clusters due to the lack of reliable training data. More specifically, to
properly train a supervised classification algorithm or a neural network, a large quantity of
waveforms similar to the two-peak shape (i.e. good quality waveforms with little interfer-
ence) is needed. This approach was applied to each vegetation type separately. Therefore,
the number of clusters for K-means was set based on the number of radar points in each

vegetation type as well as several test runs to ensure there was good separability and no
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empty clusters as is shown in Table 3.3. Within each cluster, for every waveform, a target
peak was chosen, whose definition was the same as before, and the target peak’s logarith-
mic scale return along with its left pulse peakiness as is shown in Figure 3.10. Then, for
each cluster, an average logarithmic scale return and an average left pulse peakiness were
calculated and recorded. Consequently, a representative target peak for each cluster was
defined as a peak with the average logarithmic scale return and left pulse peakiness. Unlike
the pulse peakiness approach which had multiple filters leading to an invalid output, the

classification method had only the target peak filter as described before.

Table 3.3: Number of radar points and K-means clusters for each vegetation type

Tall Riparian | Dwarf
Tree Tussock | Lichen

Shrub Shrub Shrub
Number
of Radar | 83 439 334 504 1228 558
Points
Number of
K-means 16 32 32 32 64 32
Clusters
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Figure 3.10: Workflow for every waveform in a cluster illustrating how lidar snow depth is
used as the reference and how cluster statistics is calculated

After the clusters had been defined, all the waveforms in the testing set were assigned
to the existing clusters based on their distance to the centroid of each cluster. Then, for
each waveform in the testing set, eligible peaks were chosen the same way they were
selected in the pulse peakiness approach. However, unlike the pulse peakiness approach
where interfaces were defined by a threshold, a score to determine how similar each eligible
peak was to the representative target peak of the cluster where waveform belonged was

obtained using the following equation:

score = wy X |logpeak — 10Gtarget| + wa X | PPpeat — P Prarget| (3.5)

where w; and w, were the weight for each criterion. Currently, both weights are set at 0.5,
but they can be adjusted. The reason for using equal weights is to assign equal importance
to the shape of the peak and the impulse return strength of the peak, as is usually done
in sea ice classification where multiple waveform characteristics are treated with equal
importance (Shen et al. 2017). The air-snow interface was defined as the eligible peak

with the lowest score.
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3.4.5 Evaluation and Comparison of Both Approaches

For each vegetation type, snow depth retrieved by both pulse peakiness and classifi-
cation approach were evaluated against the lidar snow depth data based on several criteria
including number of points with valid output, MAE, Pearson correlation as well as p-value.
Histograms were generated to determine how similar the distribution of snow depths was;
in addition, scatterplots comparing retrieval and ground truth as well as comparing pulse
peakiness retrieval and classification retrieval were produced to investigate whether there

was any pattern in overestimation and underestimation.

3.5 Results

3.5.1 Evaluation of Lidar Snow Depth Product

Figure 3.11 shows the 1m spatial resolution lidar snow depth product from the 2016
snow-off DEM and 2019 snow-on DEM. The snow depths were around 30-40 cm in relatively
flatter grounds mostly covered by tussocks, lichen and dwarf shrubs.This is similar to the
distribution of field snow depth measurements despite there being a two week gap between
when the field measurements and wideband radar measurements were made. In areas near
streams or some valleys in the bottom part of the study area, the snow depth was greater
than 60 cm, as indicated by the bright white in figure 3.11. This is due to the collection

of snow in these gulleys and depressions.
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Figure 3.11: Lidar snow depth product for the study area

There were 4334 field snow depth measurements used for the evaluation of lidar snow
depth product. Table 3.4 shows the results of comparing the lidar snow depth with field
measurement. Treating field snow depth as the reference, the lidar estimates underestimate

snow depth for all six vegetation types, especially for tree, riparian shrub, and dwarf shrub
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classes as is shown in Figure 3.12. It is necessary to note that there was a 14-day difference
between the time when these two data were collected. According to local weather station
data, the temperature remained below zero with no significant precipitation event, however,
some snowmelt might have been present in the field which could explain part of the reason
for the underestimation. Further work to verify this possibility is ongoing. In addition, it
is possible that the underestimation was the product of mismatch between snow-off and
snow-on dates (the snow-off DEM used was from 2016); the underlying terrain or vegetation
may have changed, leading to an inaccurate lidar snow depth. Equally, there could be an
over-probe of up to 7.6 cm for the magnaprobe, as is mentioned in King et al. (2020),

which would contribute to field snow depth being relatively greater.

Scatterplot between Lidar and Field Snow
Depth

Field Snow Depth (m)
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Figure 3.12: Scatterplot comapring lidar and field snow depth

53



Table 3.4: Evaluation of lidar snow depth

Tree Tall Shrub  Riparian Shrub Dwarf Shrub Tussock Lichen

Field Lidar Field Lidar Field Lidar Field Lidar Field Lidar Field Lidar

mean (m) 0.56 045 0.63 053 0.49 0.38 042 028 042 033 043 0.35
std (m 0.21 020 0.16 0.17 0.17 0.16 0.13 0.11 0.13 0.11 0.12 0.12
median (m) 0.56 0.39 0.65 0.57 0.47 0.34 041 026 041 031 043 0.33

RMSE (m) 0.19 0.15 0.17 0.19 0.13 0.13
bias (m) 0.11 -0.10 0.11 -0.15 -0.09 -0.08
std_bias (m) 0.16 0.11 0.13 0.12 0.09 0.10
count 13 151 231 1316 1456 1167

3.5.2 Pulse Peakiness Approach Results

Table 3.5 shows the optimal pulse peakiness parameters for each vegetation type
using a 100-0 split, and Figure 3.13 shows the retrieved snow depth variation for each
vegetation classes. The Pulse Peakiness estimates used are from the optimal parameters
obtained for a 100-0 split. In addition, parameter optimization results using a 80-20 and
a 50-50 split can be found in Appendix A. The reason for using a 100-0 split is that
the randomness in splitting the data has a significant effect on the optimization results,
especially for tree, tall shrubs and riparian shrubs. Moreover, a 50-50 split may result
in insufficient amount of the waveforms for the algorithms, which will enhance the effect
of the randomness in splitting. It is necessary to note that this is the first attempt of

developing the method and a stratified random split could be tested in the future.
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Table 3.5: Optimal pulse peakiness parameters for each vegetation type

Log Lin PP.L MAE(m) Bias(m) RMSE(m) Pearson Valid / Total Points

Tree 0.6 0.5 25 0.12 -0.03 0.18 0.65 11 /84

Tall Shrub 0.3 0.8 20 0.27 0.13 0.34 0.20* 226 / 441
Riparian Shrub 0.2 0.7 15 0.29 0.21 0.38 0.35* 209 / 321
Dwarf Shrub 04 0.5 25 0.13 0.04 0.19 0.29%* 135 / 500
Tussock 0.5 0.5 30 0.09 -0.04 0.12 0.55* 141 / 1224
Lichen 0.3 0.5 30 0.10 -0.01 0.15 0.46* 74 / 558

*indicates significant P-value at a<.01
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Figure 3.13: Pulse peakiness snow depth variation for each vegetation type.

Overall, from Figure 3.13, snow depth variation is considerably higher for trees, tall

shrubs and riparian shrubs in addition to them having generally thicker snow, possibly due
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to the higher vegetation.

For trees, despite a relatively high Pearson correlation and a low MAE, the P-value
is not significant because there are few points. The scatterplot (Figure 3.14 a) for trees
further proves the high correlation and low MAE where most points fall closely around the
1:1 line. While this is promising, due to the sparse distribution of trees in the study area, the
valid points shown here are likely to be returns from spaces between trees instead of actual
tree returns. This is further reinforced by the similarity of parameters between tree and
three other low height vegetation (dwarf shrub, tussock, & lichen). The low linear threshold
at 0.5 filtered out all waveforms from actual tree returns since these waveforms are highly
complex with a large number of peaks. Both tall shrub and riparian shrub have low Pearson
correlation coefficients (and high MAE values) of 0.2(0.27m) and 0.35(0.29m) respectively.
The scatterplots (Figure 3.14 b and c) show the characteristics of relationships between
radar and reference estimates with no discernible relationship for between tall shrub and
lidar and a general overestimation of the radar estimates for tall shrubs. An additional
observation here is the high linear threshold of these two vegetation types compared with
low height vegetation like Tussock. As a high linear threshold leads to complex waveforms
(ones often challenging for this retrieval approach) being more likely to be fed into the
retrieval, the optimal linear threshold should be as low as possible provided that there
will be sufficient valid output. For tall shrub and riparian shrub, a high optimal linear
threshold indicates that fewer waveforms from these two vegetation types resembles the
ideal two-peak shape and the optimization was forced to include more complex waveforms

to satisfy the criteria of having enough valid outputs.

For dwarf shrub, the MAE is 0.13 m with a Pearson correlation of 0.29. Due to
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the lower linear threshold, the increase in total points does not lead to an increase in valid
points. From Figure 3.14d, the reason for a low Pearson correlation is the overestimation of
snow depth by the Pulse Peakiness algorithm. More specifically, there are a series of points
with increasing Pulse Peakiness snow depth, whose Lidar snow depths remain constant at
around 0.2 and 0.3 m. This is most likely to be caused by the waveform having multiple
peaks with close to maximum returns and will be further discussed later. In comparison,
the underestimation of the retrieval retained the observable pattern from riparian shrub

as most of the points above the 1:1 line still falls into a linear pattern.

According to Boike and Griinberg (2019) tussock and lichen classes are characteris-
tically similar in classification terms. However, they are functionally different biophysically.
They behave similarly in terms of their radar waveform. Compared with other vegetation
types, they have the best retrieval results with MAE of 0.09 m for tussock and 0.1 m for
lichen and a Pearson correlation of 0.55 and 0.46 respectively. This result is to some de-
gree achieved by severely constraining the waveform selection for use with the algorithm,
as indicated by the low valid / total points ratio. In other words, for tussock and lichen,
the two thresholds are relatively more effective at filtering out waveforms that are difficult
for the algorithm to accurately obtain interfaces. Both the decrease in MAE and the in-
crease in Pearson correlation are illustrated in the scatterplot of Figure 3.14e and f, where
the overestimation that results in the low correlation for dwarf shrubs has mostly disap-
peared. It is noted that the pattern for underestimation of the method persists in both of
these vegetation type, indicating that this could possibly be addressed with empirical bias

correction.
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Figure 3.14: Scatterplots bwteen pulse peakiness and lidar snow depth estimates for the
following classes a) tree, b) tall shrub, c) riparian shrub, d) dwarf shrub e) tussock and f)
lichen.
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3.5.3 Classification Approach Results

Table 3.6 shows the snow depth retrieval results for the classification approach
and Figure 3.15 demonstrates the corresponding scatterplots of classification snow depth
compared with lidar snow depths. Results for all 5 runs can be found in Appendix A
and only the best results are shown here. For the trees land cover category the MAE and
Pearson correlation are 0.21 m 0.43 respectively, but like the pulse peakiness result, the
correlation is not significant due to the low the number of paired measurements. From the
scatterplot (Figure 3.15a), underestimation of the snow depth by the retrieval accounts for
a large proportion of the error possibly due to tree canopy interfering with ALS resulting
in either an underestimation of snow depth by radar or an overestimation by the Lidar due
to erroneous returns from the canopy rather than under-story snow. Similar to the pulse
peakiness results, the best estimates that have minimal error, i.e. sitting on the 1:1 line,
are likely to be from areas between trees where low height tussock or lichen vegetation
are located. The tall shrub land cover category has the lowest agreement with the lidar
reference data of the six classes, with a MAE of 0.24 m and a Pearson correlation of
0.32. As shown in Figure 3.15b, the distribution of the points appear to be randomly
distributed, especially those under the 1:1 line. Compared with the tall shrub class, the
riparian shrub class has a lower MAE at 0.23 m and a higher Pearson correlation of 0.45.
Once again, there are several estimates that underestimate the snow depth relative to the
lidar estimates. For the dwarf shrub class (Figure 3.15d) there is a similar pattern to the
pulse peakiness method in that there is an overestimation of snow depth by the radar

classification approach relative to the lidar measurements. Consequently, despite a better
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MAE of 0.19 m, the retrieval snow depth overestimation significantly affects the correlation.
Both tussock and lichen are comparable in performance with a slightly improved MAE but
similar Pearson correlation compared with dwarf shrub. More specifically, for those with
a retrieval snow depth below 0.4 m, there is no observable relationship between Lidar and
classification snow depth where for a Lidar snow depth between 0.2 and 0.3 m, the retrieval
snow depth can vary from close to 0.05 m to 0.4 m. And this would suggest for a large
number of these waveforms, the pulse peakiness left and the logarithmic scale return used

for the classification approach can not uniquely identify the air-snow interface.

Table 3.6: Best Snow Depth Retrieval Results

MAE(m) Bias(m) RMSE(m) Pearson Valid / Total

Tree 0.21 -0.08 0.27 0.43 29 / 42

Tall Shrub 0.24 0.07 0.31 0.32%* 150 / 221
Riparian Shrub 0.23 0.03 0.30 0.45% 63 / 161
Dwarf Shrub 0.19 0.04 0.26 0.23* 167 / 250
Tussock 0.15 -0.04 0.21 0.26* 320 / 612
Lichen 0.18 -0.01 0.23 0.23* 185 / 279

*indicates significant P-value at a<.01
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Figure 3.15: Scatterplots between Classification and Lidar snow depth estimates for the

following classes a) tree, b) tall shrub, c) riparian shrub, d) dwarf shrub e) tussock and f)
lichen.
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As for snow depth variations for each vegetation type, Figure 3.16 shows the box
plot for the classification retrieval results. A higher variation for trees, tall shrubs and
riparian shrubs is also present, similar to that for the pulse peakiness retrieval. Although
the three classes with higher vegetation (trees, tall shrubs and riparian shrubs) have a

generally thicker snow, the maximum snow depths for the other classes are relatively high

as well.
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Figure 3.16: Classification snow depth variation for each vegetation type.

3.5.4 Comparison Between the Two Approaches

For the six vegetation types, it is clear that snow depth retrievals in trees, tall shrubs
and riparian shrub classes is very challenging for both methods from the above section.

Therefore, the comparison will focus on dwarf shrubs, tussock, and lichen.

An important consideration lies in the number of valid points and the number of

waveform filters. Table 3.7 shows the summary for valid points / total points for all three
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vegetation types. More specifically, the valid point number for the classification approach
is an average of all 5 runs while for pulse peakiness approach, it is taken from the 50-50

split scenario and is also an average of all 5 runs.

Table 3.7: Comparison of valid points percentage between pulse peakiness and classification
approach

Pulse Peakiness Classification

Dwarf Shrub 67 / 250 173 / 250
Tussock 188 / 612 316 / 612
Lichen 104 / 279 187 / 279

Even though the pulse peakiness approach outperforms the classification approach
in all three vegetation types, this is partially due to the quality of waveforms fed into the
retrieval algorithms. The two thresholds in the pulse peakiness approach together with
other added filters lead to the algorithm accepting fewer waveforms suitable for identifying
the interfaces. By comparison, these criteria are not applied in the classification thereby
providing more valid points for the assessment although, perhaps at the expense of a

degraded performance.

In addition, the way the classification approach identifies the air-snow interface is
not as robust compared with the Pulse Peakiness approach despite the fact that they are
using the same peak characteristics. Similar to the NSIDC algorithm developed in Kurtz
and Farrell (2011) and Kurtz et al. (2013), the classification approach determines the
interface based on pre-existing knowledge. While it is plausible in theory, using training
data as existing knowledge is far less reliable and susceptible to the randomness of splitting

the data. The flaws in identifying the interfaces can be further demonstrated by Figure 3.17
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and Figure 3.18. Figure 3.17 shows the comparison between classification snow depth and
pulse peakiness snow depth wherein the classification method consistently underestimates
the snow depth. This is reinforced by Figure 3.18 which shows the relationship between
classification and Lidar snow depth for those with a valid Pulse Peakiness output (i.e. good
quality waveforms). Even with suitable waveforms, the classification approach generally

underestimates snow depth, indicating that the method itself is not robust.
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Figure 3.17: Comparison between classification (K-means) and Pulse Peakiness snow depth
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Figure 3.18: Comparison between classification (K-means) and Lidar snow depth for those
points with a valid Pulse Peakiness output

3.6 Discussion and Conclusion

3.6.1 Underestimation and Overestimation

Both pulse peakiness and classification approaches have similar underestimation
and overestimation characteristics but are the result from difference sources. With respect

to underestimation, it is likely to not be from waveform / radar measurement and it follows
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a clear pattern, meaning that it can be mitigated to a degree with a bias correction. On
the contrary, the overestimation is mainly resulted from the waveforms and needs other

more delicate solutions.

The tussock land cover class is used to illustrate the underestimation problem as this
landcover class has the most radar points. When running the pulse peakiness approach on
the 100-0 split scenario, out of 141 valid outputs, 57 has an absolute error of 10 cm or above.
And out of these 57, 39 underestimated snow depth in a similar way as is shown in Figure
3.19. The Lidar reference air-snow interface falls into areas which could be considered noise
in the logarithmic scale intensity return while the algorithm was successful in identifying

the first peak that satisfied the logarithmic threshold.
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Figure 3.19: Sample underestimating waveforms for pulse peakiness where the Lidar ref-
erence air-snow interface falls below the logarithmic threshold
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As pulse peakiness left value alone normally cannot uniquely identify a peak as
the air-snow interface, it is likely that before the interface peak, there would be numerous
peaks with similar pulse peakiness left values. Consequently, it is extremely important to
exclude as many non-interface peaks before the interface peak as possible to increase the
chance of it being the first that exceeds the pulse peakiness left value threshold. This is
achieved through the application of a logarithmic threshold. By lowering the threshold
to accommodate the type of underestimation shown in Figure 3.19 the result would most
likely lead to an overestimation of snow depth. An alternative is to apply a post algorithm

bias correction based on this dataset.

To achieve this, the data were split in half into training and testing subsets, for
which an average of underestimation was calculated for all the waveforms in the training
subset. This average was used as the bias correction for all the waveforms in the testing set.
Figure 3.20 shows the comparison between the un-corrected scatterplot and the corrected
scatterplot. The average bias for the training set in this case is approximately -4 cm
and the MAE after the correction decreased approximately 1 cm. The reason for such
a small improvement is that the bias correction is applied to all the waveforms in the
testing sets including those that are grossly overestimating. More intricate solutions to this
bias correction, such as the identification and character generalization of underestimating

waveforms should further improve the results.
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Before Bias Correction After Bias Correction
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Figure 3.20: Before and after bias correction

With respect to the overestimation problem, the main reason for the overestimation
in both pulse peakiness as well as classification approach is the complexity of the waveform,
especially for the classification approach. More specifically, the scoring and matching sys-
tem in the classification approach is considerably less robust when encountering a complex
waveform. A complex waveform here is defined as a waveform that has more than one peak
that is close to the maximum return, in other words, a waveform that has no clear single
maximum return. There can be a number of reasons why a waveform may have multiple
“maximum” returns, but one plausible possibility is that a feature in the snowpack has a

similar dielectric response to the ground surface.

This kind of waveform is inconsistent with the baseline assumption of a clear single
maximum return peak being the snow-ground interface, and therefore disrupts the snow
depth calculation which is the distance between air-snow peak and the maximum return.

Figure 3.21 and 3.22 shows examples of overestimation in dwarf shrubs and lichen.
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To counteract this problem, one possible way is to apply a signal-to-noise ratio
(SNR) threshold that excludes waveforms like the one shown in figure 3.21. For such
waveforms, adding another screening criterion that requires the waveform to have only 1
peak whose return is above a certain value should help filter them out. The challenge would
be to set the correct threshold so that it does not filter out too many of the waveforms

leaving the algorithm with insufficient valid outputs.

10

—— Lidar Ref Air-Snow
—— PulseP Air-Snow

log threshold W
/\/v

A

normalized log intensity
| | | |
EN w N =
<) S ] )

|
U
o

|
[}
o

0 50 100 150 200 250 300
range bins

Figure 3.21: Sample overestimation for dwarf shrubs where there are multiple peaks close
to the maximum peak.
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Figure 3.22: Sample overestimation for lichen where there are multiple peaks close tothe
maximum peak.

3.6.2 Error of Omission for the Pulse Peakiness Approach

Due to the limited number of valid outputs of the pulse peakiness approach, an
analysis was done on the error of omission for dwarf shrub, tussock and lichen. The reason
for excluding trees, tall shrub and riparian shrub is that these landcover types have more

complex waveform responses and therefore are omitted from the algorithm.

Table 3.8 shows the distribution statistics for Lidar points belonging to dwarf shrub
(500), tussock (1224), and Lichen (559) as well as those with a valid pulse peakiness output
(135, 141, & 74). It demonstrates that for dwarf shrub and lichen, even though pulse

peakiness filters excluded parts of the data, the distributions are still similar. However, for
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Tussock, the pulse peakinesss distribution has shifted slightly to lower snow depth, which
is further reinforced by the histogram shown in Figure 3.23. The pulse peakiness output

is lacking representation of snow depth that is above 0.4m.

Table 3.8: Distribution statistics for Lidar snow depth and pulse peakiness valid output

Mean (m) Median (m) Standard Deviation (m)

Dwarf Shrub
Lidar 0.32 0.30 0.14
Pulse Peakiness 0.33 0.28 0.19
Tussock
Lidar 0.38 0.36 0.14
Pulse Peakiness 0.28 0.25 0.13
Lichen
Lidar 0.44 0.42 0.16
Pulse Peakiness 0.37 0.34 0.16
Lidar Snow Depth Distribution for Pulse Peakiness Snow Depth
Tussock Distribution for Tussock
025 025
02 02
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Figure 3.23: Comparison of snow depth distribution between Pulse Peakiness valid output
and Lidar points
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3.6.3 Conclusion

Overall, using a wide band radar system for snow depth retrieval on land can work
relatively well for dwarf shrub, tussock and lichen classes. More specifically for the two
approaches tested, both pulse peakiness and the classification approach are not suitable for
areas with complex vegetation responses characterized by multiple peaks in the waveform,
specifically trees, tall shrubs, and riparian shrubs in this case. For these classes, because the
vegetation interacts with radar wavefront before and after it is attenuated by the snow,
the waveforms are more complex in characteristic. For short height vegetation types,
specifically shrub, tussock, and lichen, the pulse peakiness method tended to outperform
the classification approach. However, a more constrained screening process was applied
to the pulse peakiness method to ensure that waveforms better matched the ideal two
interface peaks pattern. Consequently there were fewer waveforms that could be used to
estimate snow depth but the quality of the pulse peakiness retrieval was more robust than

the classification one.
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Chapter 4

Discussion and Conclusion

4.1 Summary

Wide band radar has been used for snow depth retrieval on sea ice, mainly using data
from Operation Icebridge. Core principle behind various retrieval algorithms is based on
the ability of a wide band / FMCW radar to detect different objects at different distances
due to its constantly changing frequency. More specifically, the principle in estimating
snow depth is to identify two interfaces, the air-snow interface and the snow-ice interface
which when differenced provide an estimate of snow thickness. Where algorithms differ is
how the two interfaces are acquired and how the algorithm is optimized for a specific radar

system.

Using the data from Icebird 2019 over the Trail Valley Creek research station and

the pulse peakiness methods from Julita et al. (2021), it was possible to retrieve snow depth
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over land. However, two key factors explain the differences between the wide band radar
observations over land that are not present in observations over sea ice: a) the presence
of surface vegetation impacts the waveform response, and b) the presence of micro-terrain
feature like hummocks. In addition, it is believed that the off-nadir influences usually
resulted from slopes of the ground is less likely because of the presence of hummocks. Both
factors lead to terrestrial waveforms being generally more complex than those for sea ice.
Consequently, additional criteria to determine whether a waveform was too ambiguous
for the algorithm to identify the two interfaces was added to the method developed by
Julita et al. (2021). Amongst the six vegetation types classified by Boike and Griinberg
(2019), trees, tall shrubs, and riparian shrubs were relatively less suitable for estimating
snow depth from the pulse peakiness method while dwarf shrubs, tussocks and lichens were

more favourable.

An additional method inspired by the classification of radar altimeter data from sea
ice classification (Miiller et al., 2017; Zygmuntowska et al., 2013; Shen et al., 2017; Ricker
et al., 2015; Aldenhoff et al., 2019) was also developed and tested with this dataset acquired
over land. The difference between different snow depths were considerably less separable
than the difference between for example first-year ice and multi-year ice. Moreover, a
number of waveform characterizing parameters utilized in sea ice classification were not
applicable due to the significantly more complex (i.e. larger number of peaks) waveforms.
As a result, the pulse peakiness concept was combined with the classification method to
develop a hybrid approach. Similar to the pure pulse peakiness approach, estimation of
snow depth in tussocks and lichens produced the best performance. However, compared

with the pulse peakiness approach, the proposed classification approach underperformed
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as a result of the inadequacy of how well a linear k-means classification can generalize
complex waveforms. A more advanced machine learning approach might be applicable if

adequate training data were acquired.

Overall, this study found that it is possible to use an interface-based snow depth
retrieval, such as the pulse peakiness algorithm, for wide band radar observations on land,
particulary when applied to landscapes dominated by low stand vegetation and low relief,
flat surface topography. Adapting the sea ice classification approach provided good results

only after development of the method.

4.2 Methodology Limitations

Several limitations to the method are recognized from this study. First, both meth-
ods were operated under the same assumption that the strongest return peak was from
the snow-ground interface. While several studies made the same assumption for snow on
sea ice, the relatively more complicated ground condition can lead to a probability in some
instances that this assumption might not always be valid for snow on land. In the study
by Julita et al. (2021), the original pulse peakiness algorithm accounted for cases when the
strongest return was not always the snow-ice interface but the top of a brine layer in the
snow. In this study it was not clear why there were multiple peaks close to the strongest
return unlike the situation generally found on sea ice . Possible explanations include sug-
gestion that the dielectric contrast between snow and ground may not be as strong as
the case for snow on sea ice, possibly buried vegetation in the snowpack being picked up

by the radar, and signals reflected by the sides of the hummocks being added. Without
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detailed field data to verify any of the above assumptions, it is difficult to fully explain
the signal response. And as shown in the results section, waveforms that contradicted this

base assumption were a major source of overestimation for both approaches.

Second, due to the large number of parameters involved in the pulse peakiness
approach, the three main parameters were systematically optimized while the others were
chosen after limiter testing. For example, in one of the added waveform filters where the
air-snow interface peak logarithmic scale return has to be below 0.6, only three values were
tested (0.5, 0.6, 0.7) and 0.6 seemed to have yielded the best balance between MAE and
number of valid outputs. However, it is possible that other values could have provided
a better result. In terms of parameters for the K-means approach, the number of pre-
determined classes is another example where only limited testing was done. As too many
classes would lead to clusters with no waveforms while too few classes would result in
waveforms not similar to each other being clustered together, this could affect the final

result.

Third, there are some inherent challenges in the wide band radar data itself, namely
the requirement for flat surface and in some cases the presence of sidelobes (Newman et
al., 2014; Kwok et al., 2011). Sidelobes specifically can be interpreted as air-snow interface
peaks for shallower snowpacks as they are peaks close to the maximum return. Further-
more, Newman et al. (2014) demonstrated that even on sea ice, an ice surface topographic
filter was needed to discard any waveforms in areas with significant topographic variability.
While the 1m spatial resolution DEM used in this study would enable the use of a similar
filter, the hummocks in the area are often smaller than a 1m x 1m cell. So a higher spatial

resolution DEM would be needed. Also, the threshold for discarding waveform was not
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straightforward to define due to the distribution of deep snow: deep snow in the study
area were usually around areas with relatively steeper terrain and discarding them would
severely change the distribution of snow depth. While Kwok et al. (2011) noted the exis-
tence of sidelobes, it was explained that in their dataset, the sidelobes appeared after the
strongest return, which did not interfere with their interface picking. More specifically,
Kwok et al. (2011) were able to identify the location and return strength of sidelobes and

recommended that the sidelobes were reduced in future radar systems.

Finally, snow density across the entire study area was assumed to be 300kg/m?>.
It is expected that although bulk snow density likely was conservative in variability, at
the local spatial scale and vertically through the pack, this was likely not the case for the
entire study area. Analysis of snow density spatial variability could provide insight into

waveform complexity.

4.3 Recommendations

Three recommendations are made to improve the approach takien in this study.

Recommendation 1: Improvement in identifying the snow-ground interface in the
waveform from the strongest peak return. Kwok and Maksym (2014) used a peak signal
to noise ratio threshold could to filter out complex waveforms like the ones shown in
Figure 3.21. In addition, a fixed threshold could be applied that only allows (for example)
one peak to have its normalized return be above a pre-determined threshold (0.9). Also,

more detailed field data could assist in determining the reason why multiple strong peaks
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appeared adjacent to one another in the waveform.

Recommendation 2: Explore alternative classification workflows. Current classifi-
cation approach was developed to theoretically take advantage of both the pulse peaki-
ness concept and classification’s ability to cluster similar shaped waveform, and can yield
some accurate results in specific circumstances. However, the complexity of the waveforms
proved challenging for K-means to correctly cluster them. A more sophisticated classifica-
tion approach like a Convoluted Neural Network (CNN) if correctly configured and trained
should be more capable of dealing with complex waveforms. While the introduction of the
pulse peakiness left values did to some degrees overcome the problem of low separability
between waveforms representing similar snow depths, and was able to output a specific
snow depth, the two parameters used cannot always uniquely identify the correct air-snow
interface peak. To further utilize the principles behind the pure pulse peakiness approach
from Julita et al. (2021), a third parameter that record how far away the peaks are from
the maximum return could be added as the third criterion to represent the ”choosing the

first peak” element, and the Equation 3.4 would be changed to the following:

score = wy X |10Gpea — 10Gtarget| + wa X | PPpeak — P Prarget| — w3 X d (4.1)

where d refers to the distance between a potential peak and the maximum return. In

addition, the weights used Equation 3.4 and 4.1 should also be systematically optimized.

Recommendation 3:, Application of a wavelet interface-based approach. The wavelet
approach and the GSFC-NK approach are different from the pulse peakiness approach used

in this study. The pulse-peakiness approach was used because it is relatively straightfor-
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ward and widely used, plus it has a demonstrated robust performance over sea ice (Julita
et al.,, 2021). However, these alternative methods have a comparable performance and
for the wavelet approach specifically, it does not need pre-defined threshold which could
introduced uncertainties into the retrieval as Julita et al. (2021) pointed out. In addition
for the GSFC-NK proposed by Kurtz et al. (2014), it is a physical approach instead of an
empirical one, where many uncertainties in the waveforms like multiple close to maximum

peaks could be explained by the physical model.

4.4 Conclusion

The overall objective of this thesis is to test the applicability of a standard interface-
based snow depth retrieval algorithms for snow on sea ice to snow on land, and to explore
the possibility of adapting the sea ice waveform classification approach for snow depth
retrieval. In principle, the pulse peakiness approach from Julita et al. (2021) should be
valid for applicability to snow on land because the snow-ground interface provides a strong
dielectric contrast along with the snow-air interface; these contrasts should be somewhat
similar to snow on sea ice. However, the complex ground characteristics narrowed the
locations where the pulse peakiness method could yield accurate results. More specifically,
the presence of tall surface vegetation combined with the hummocky terrain meant that a
considerably large percentage of the waveforms were discarded, and to some degree refo-
cused the effort into how to filter out complex waveforms that are too ambiguous for the
method. With respect to the classification approach, the complex waveforms with signifi-

cantly more peaks than the ones from radar altimeters seen in sea ice classification made
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adapting the waveform characterizing parameters from sea ice classification considerably
more challenging. Even though the final results for the classification approach were accu-
rate for very specific situations, the inclusion of pulse peakiness and thresholds successfully
transformed the method into a compromise between the two original approaches. In con-
clusion, for snow on land, if the ground is generally a flat surface with minimal vegetation,
it is expected that the interface-based pulse peakiness algorithm will have a good perfor-
mance (in this study, the MAE was found to be 0.11m for dwarf shrub, tussock and lichen
combined). Development of this approach using a hybrid the pulse peakiness and k-means
classification scheme demonstrated modest performance that, in its current state, requires

further work to be comparable with the interface-based approach.
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Full Optimization Results for the

Pulse Peakiness Approach
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Table A.1: Pulse peakiness parameters optimization results for

trees
Tree (100-0)
Log Lin PP.L MAE(m) Pearson Valid / Total
Run #1 0.6 0.5 25 0.12 0.65 11/ 84
Tree (80-20)
Log Lin PP.L MAE(m) Pearson Valid / Total
Run #1 0.7 0.7 15 0.22 0.47 8 /17
Run #2 0.6 05 25 0.14 N/A 2 /17
Run #3 0.6 0.5 25 0.05 N/A 2 /17
Run #4 05 05 25 0.30 N/A 2 /17
Run #5 0.5 0.5 25 0.28 0.20 4 /17
Tree (50-50)
Log Lin PP.L MAE(m) Pearson Valid / Total
Run #1 0.3 0.7 25 0.28 -0.11 11/ 42
Run #2 0.6 0.8 15 0.28 0.16 27 / 42
Run #3 08 0.7 10 0.30 0.21 13 / 42
Run #4 0.7 0.7 15 0.22 0.35 20 / 42
Run #5 0.2 0.8 15 0.38 0.07 36 / 42

*indicates significant P-value at a<.01
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Table A.2: Pulse peakiness parameters optimization results for
tall shrubs

Tall Shrub (100-0)

Log Lin PP.L MAE(m) Pearson Valid / Total
Run #1 0.3 0.8 20 0.27 0.20* 226 / 441
Tall Shrub (80-20)
Log Lin PP.L MAE(m) Pearson Valid / Total
Run #1 0.3 0.8 20 0.2443 0.28 47 / 89
Run #2 0.1 0.8 20 0.3515 0.01 66 / 89
Run #3 0.3 0.8 20 0.2494 0.27 46 / 89
Run #4 0.2 0.8 20 0.2728 0.14 62 / 89
Run #5 0.1 0.8 20 0.3578 -0.36* 64 / 89
Tall Shrub (50-50)
Log Lin PP.L MAE(m) Pearson Valid / Total
Run #1 0.3 0.8 20 0.2761 0.13 114 / 221
Run #2 0.3 0.8 20 0.2727 0.2 110 / 221
Run #3 0.1 0.9 15 0.4293 -0.07 211 / 221
Run #4 0.2 0.8 20 0.3314 0.05 119 / 221
Run #5 0.1 0.7 20 0.3298 -0.06 154 / 221

*indicates significant P-value at a<.01
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Table A.3: Pulse peakiness parameters optimization results for
riparian shrubs

Riparian Shrub (100-0)

Log Lin PP.L MAE(m) Pearson Valid / Total
Run #1 0.2 0.7 15 0.29 0.35%* 209 / 321

Riparian Shrub (80-20)
Log Lin PP.L MAE(m) Pearson Valid / Total

Run #1 0.2 0.6 15 0.301 0.27 37/ 65
Run #2 0.2 0.8 15 0.3287 0.32 48 / 65
Run #3 07 04 20 0.2008 0.6 7/ 65
Run #4 0.6 04 20 0.2581 -0.01 10 / 65
Run #5 02 0.7 15 0.2654 0.54* 40 / 65

Riparian Shrub (50-50)

Log Lin PP.L MAE(m) Pearson Valid / Total
Run #1 0.2 0.7 15 0.2958 0.35% 107 / 161
Run #2 0.2 04 15 0.2927 0.28 71 /161
Run #3 0.2 0.5 15 0.3037 0.35%* 86 / 161
Run #4 0.1 0.8 20 0.2978 0.22 113 / 161
Run #5 0.2 0.7 15 0.3153 0.35% 110 / 161

*indicates significant P-value at a<.01
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Table A.4: Pulse peakiness parameters optimization results for
dwarf shrubs

Dwarf Shrub (100-0)

Log Lin PP.L MAE(m) Pearson Valid / Total
Run #1 04 0.5 25 0.13 0.29%* 135 / 500
Dwarf Shrub (80-20)
Log Lin PP.L MAE(m) Pearson Valid / Total
Run #1 0.4 0.5 25 0.1308 -0.07 28 / 100
Run #2 04 0.5 25 0.1176 0.3 26 / 100
Run #3 04 0.5 25 0.0921 0.41 25 / 100
Run #4 0.3 0.5 25 0.1876 0.24 24 / 100
Run #5 0.4 0.5 25 0.1336 0.45 24 / 100
Dwarf Shrub (50-50)
Log Lin PP.L MAE(m) Pearson Valid / Total
Run #1 04 0.5 25 0.1351 0.23 65 / 250
Run #2 04 0.5 25 0.129 0.37* 73 / 250
Run #3 0.5 0.5 25 0.1219 0.27 57 / 250
Run #4 0.3 0.5 25 0.1388 0.36* 75 / 250
Run #5 0.4 0.5 25 0.1226 0.36* 64 / 250

*indicates significant P-value at a<.01
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Table A.5: Pulse peakiness parameters optimization results for
tussocks

Tussock (100-0)

Log Lin PP.L MAE(m) Pearson Valid / Total
Run #1 0.5 0.5 30 0.09 0.55% 141 / 1224

Tussock (80-20)

Log Lin PP.L MAE(m) Pearson Valid / Total
Run #1 0.3 0.6 25 0.14 0.37* 75 / 245

Run #2 0.3 0.6 25 0.17 0.05 75 / 245
Run #3 0.3 0.6 25 0.15 0.30* 75 / 245
Run #4 0.3 0.6 25 0.15 -0.02 61 / 245

Run #5 0.3 0.6 25 0.13 0.37* 70 / 245
Tussock (50-50)
Log Lin PP.L MAE(m) Pearson Valid / Total

Run #1 04 0.8 25 0.14 0.34* 190 / 612
Run #2 0.3 0.6 25 0.13 0.33* 200 / 612
Run #3 04 0.7 25 0.14 0.43* 184 / 612
Run #4 04 0.6 25 0.13 0.39%* 163 / 612
Run #5 0.3 0.6 25 0.13 0.36* 205 / 612

*indicates significant P-value at a<.01
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Table A.6: Pulse peakiness parameters optimization results for

Lichens
Lichen (100-0)
Log Lin PP.L MAE(m) Pearson Valid / Total
Run #1 0.3 0.5 30 0.10 0.46* 74 / 558
Lichen (80-20)
Log Lin PP.L MAE(m) Pearson Valid / Total
Run #1 0.3 0.5 30 0.10 0.65 13 / 112
Run #2 0.3 0.5 30 0.13 0.41 14 /112
Run #3 0.3 0.5 25 0.22 0.09 31/ 112
Run #4 0.3 0.5 30 0.08 0.65%* 17 / 112
Run #5 0.3 0.5 30 0.07 0.73* 14 /112
Lichen (50-50)
Log Lin PP.L MAE(m) Pearson Valid / Total
Run #1 0.3 0.7 25 0.17 0.14 118 / 279
Run #2 05 0.5 25 0.20 0.30* 71 /279
Run #3 0.3 0.5 25 0.15 0.19 79 / 279
Run #4 03 05 25 0.15 0.31%* 80 / 279
Run #5 0.3 0.7 20 0.23 0.22%* 171 / 279

*indicates significant P-value at a<.01
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Appendix B

Full Results for the K-means

Approach
Table B.1: K-means approach results for
trees
Tree

MAE(m) Pearson Valid / Total
Run#1 0.24 0.35 31/ 42
Run#2 0.32 0.07 29 / 42
Run#3 0.30 0.06 28 / 42
Run#4 0.21 0.43 29 / 42
Run#5 0.24 0.28 29 / 42

*indicates significant P-value at a<.01
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Table B.2: K-means approach results for tall
shrubs

Tall Shrub

MAE(m) Pearson Valid / Total
Run#1 0.23 0.24* 151 / 221
Run#2 0.24 0.32%* 150 / 221
Run#3 0.28 0.13 149 / 221
Run#4 0.27 0.12 144 / 221
Run#5 0.25 0.25%* 140 / 221

*indicates significant P-value at a<.01

Table B.3: K-means approach results for ri-
parian shrubs

Riparian Shrub
MAE(m) Pearson Valid / Total

Run#1 0.23 0.45* 63 / 161
Run#2 0.24 0.21 68 / 161
Run#3 0.25 0.26 65 / 161
Run#4 0.23 0.28 65 / 161
Run#5 0.24 0.32%* 63 / 161

*indicates significant P-value at a<.01

Table B.4: K-means approach results for
dwarf shrubs

Dwarf Shrub
MAE(m) Pearson Valid / Total
Run#1 0.19 0.11 158 / 250
Run#2 0.19 0.13 174 / 250
Run#3 0.19 0.10 186 / 250
Run#4 0.16 0.14 182 / 250
Run#5 0.19 0.23* 167 / 250

*indicates significant P-value at a<.01
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Table B.5: K-means approach results for tus-
socks

Tussock

MAE(m) Pearson Valid / Total
Run#1 0.16 0.26* 316 / 612
Run#2 0.16 0.17* 319 / 612
Run#3 0.16 0.22% 313 / 612
Run#4 0.15 0.26* 320 / 612
Run#5 0.17 0.22%* 312 / 612

*indicates significant P-value at a<.01

Table B.6: K-means approach results for
lichens

Lichen
MAE(m) Pearson Valid / Total
Run#l 0.2 0.17 191 / 279
Run#2 0.2 0.18* 180 / 279
Run#3 0.2 0.18%* 187 / 279
Run#4 0.18 0.23* 185 / 279
Run#5 0.21 0.14 190 / 279

*indicates significant P-value at a<.01
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