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ABSTRACT

The sustainability of the eco-hydrology of the Indian Himalayas depends on snow and glacial
dynamics. Glaciers, permanent and seasonal snow are the freshwater flow regimes and also act
as an indicator of climate variability. The cryosphere also plays a pivotal role in managing the
heat regimes, thus controlling the planet's radiation balance on a local, regional, and global
scale. At the local level, snow cover influences different parameters of soil, such as hydraulic
conductivity, moisture, and temperature of the soil strata; it also affects carbon sequestration
and microbial colonization. On the other hand, snow coverage controls the discharge of
snowmelt-fed perennial rivers, water availability, and groundwater recharge. Also, it governs
the flora (type, density, and community structure), thus indirectly controlling the fauna at the
regional scale. Therefore, it can be said that snow and its properties, such as albedo, depth,
density, and thermal insulation, influence geological and biochemical processes.

The increasing natural and anthropogenic activities could cause climate change, affecting the
frequency of the natural hazards in the Indian Himalayas. The glacial hazards in high mountain
areas are frequent over the globe; recent disasters (Chamoli landslides, floods, forest fires,
earthquakes, and landslides) in the Himalayas are evident, causing loss of human lives,
infrastructural damage, and affecting day-to-day activities. The geophysical properties of
snow/glaciers (SGP) are important indicators of the status of the snow/glaciers and related
hazards. Important SGPs, such as dielectric constant, density, and liquid water content, play a
vital role in avalanche studies, hydrological modeling, and flood monitoring. Conventional
geophysical parameter studies require continuous in-situ measurements of snowfall and
snowpack. Since in-situ measurements are challenging and expensive in such difficult terrains,
satellite images have proved to be an important source of information for retrieving geophysical
parameters. However, the high-altitude regions mostly have cloud cover, which motivates us
to explore the potential of microwave remote sensing data in geophysical parameter studies.
The study uses multispectral, synthetic aperture radar (SAR), and hyperspectral datasets in
conjunction with in-situ measured parameters to develop models/estimate important SGPs,
such as dielectric, density, wetness, grain size, snow depth, and snow impurities. Several field
investigations were performed using field instruments (Snow Fork and Spectroradiometer) to
measure the in-situ parameters and further integrated with the satellite-derived results to

evaluate and improve the model performance.
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A state-of-the-art inversion model has been developed using Sentinel-1 derived Stokes
parameters to estimate snow dielectric and subsequently used to model density and wetness
employing Looyenga's and Denoth's equations. The proposed inclusion of Stokes parameters
in the inversion model has significantly improved the results. The respective modeled and in-
situ snow dielectric, density, and wetness show a good coefficient of determination (R? > 0.7)
with 95% confidence. Utilizing the field-measured values, the estimated root mean squared
error (RMSE) of snow dielectric, density, and wetness is 0.26, 0.08 g/cm3 and 0.84,
respectively. The snow grain size estimation has been attempted using the PRISMA dataset.
Analyzing reflectance spectra at specific wavelengths can infer snow grain size more accurately
than multispectral sensors. This study presents the results from the Sikkim Himalayas and
shows that a characteristic absorption position around 1.03um is sensitive to snow grain size.
Further, snow depth has been estimated using SAR interferometry (INSAR) techniques. A state-
of-the-art methodology has been proposed for snow depth estimation in vegetated areas of
Arunachal Pradesh, whose RMSE is less than 10 cm. This research also provides critical insight
into studying snow conditions (non-contaminated and contaminated) using satellite remote
sensing, which is not limited to visible regions of the electromagnetic spectrum. The
methodology employs the harmonic use of Landsat-9 and Sentinel-1 datasets for the parts of
Arunachal Pradesh, India. It is evident from the results that SAR backscattering is significantly

affected by snow contamination due to changes in the snowpack's physical parameters.

This study presents three advanced inversion models and a novel methodology for estimating
snow geophysical parameters (SGPs), employing synthetic aperture radar (SAR), multispectral,
and hyperspectral datasets. The effectiveness of these models has been rigorously validated
against in-situ measurements, demonstrating significant advantages of microwave remote
sensing over optical sensors, particularly in overcoming cloud cover limitations, improving
sensitivity to surface roughness, and enabling deeper penetration. These models enable
accurate, continuous monitoring of SGPs, supporting critical applications in climate
engineering, such as improved water resource management, disaster risk reduction, and
permafrost stability prediction. Nonetheless, continued data collection and enhanced pre-
processing are essential to strengthen the robustness of these models further. This research
offers a foundational framework for analyzing the spatiotemporal dynamics of glaciers and
permafrost through SGPs, aiming to guide sustainable adaptation strategies for the Indian

Himalayan region and bolster climate resilience at regional and global scales.
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1

INTRODUCTION

The Himalayas offer one of the most extensive snow and ice resources outside the polar
regions. Snow and glacier meltwater from the Himalayan region keep the major Indian river
systems flowing year-round (such as the Indus, Ganga, and Brahmaputra). The physical
properties of the Himalayan snow and glaciers require monitoring due to their hydrological
importance and the associated natural hazards. Several regional disasters have been caused by
debris flow, mass wasting, avalanches, and the bursting of high-altitude lakes that overflow
downstream. Thus, it is important to continuously monitor the accumulated snow conditions in
the complex terrain of the Himalayas. The snow condition is mainly characterized by its
physical parameters. This thesis aims to work on comprehending the estimation of snow
geophysical parameters through satellite remote sensing datasets, field investigation, numerical

modeling, and cloud computing techniques.
1.1. Motivation

The area of the Indian Himalayas (which ranges from west to east) has a vast amount of snow-
covered area with varying levels of glaciation, providing freshwater reservoirs (Singh et al.,
2006). The Eastern Indian Himalayan region has continuous snow precipitation patterns in the
higher altitudes from February through the end of May, in contrast to the Western Himalayas,
where the extent of snow areas exhibits a falling tendency from March onwards (Kulkarni et
al., 2010). The catchment area of this region is formed by the Himalayan snow-fed Teesta River
and Brahmaputra River, which almost cut through from north to south. Notably, the depletion
of the Sikkim snow cover (Rai and Mukherjee, 2021) is affecting the agriculture, hydropower,
and tourism sectors and also resulting in the vulnerability of glacier lakes (Worni et al., 2013).
Additional natural hazards, such as a snow avalanche that follows an ice avalanche trajectory
around some glacier lakes with a moraine barrier, might cause floods in the downstream area
as a result of lake outbursts (Worni et al., 2012; Vilimek et al., 2014; Carrivick and Tweed,
2016; Emmer et al., 2016; Dubey and Goyal, 2020). In 2023, we witnessed one of the largest
and fastest-growing South Lhonak Lake (SLL) failures. The SLL is a moraine-dammed glacial
lake in Sikkim's northern district (27°54.741' N and 88°11.857'E). Situated at an elevation of
5200 msl (mean sea level), the lake is east-west elongated and located in the tongue of the

South Lhonak glacier. The date of October 4, 2023, marks a significant event in Sikkim, India.
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Investigation reports reveal a severe outburst of flood triggered by the breach of the moraine
dam embankment around SLL. This wreaked havoc in the Northeastern state, causing

substantial damage and loss, especially downstream along the Lachen and Chungthang regions.

Snow Geophysical Parameters Estimation refers to the methodologies employed to measure
and analyze critical characteristics of snow, including dielectric properties, density, wetness,
grain size, depth, and contamination levels. These parameters are vital in hydrological
modeling, water resource management, and climate change research, as they influence
snowpack dynamics and water availability in ecosystems. Accurate estimating of these
properties is essential for predicting snowmelt timing, assessing flood risks, and enhancing our
understanding of snow's impact on regional and global hydrological cycles. Remote sensing
techniques have emerged as powerful tools in estimating snow geophysical parameters,
allowing for large-scale monitoring of snow conditions in challenging terrains. Instruments
such as passive microwave sensors, satellite-based multispectral systems, and airborne imaging
spectrometers provide valuable data that can be analyzed to derive insights into snowpack
characteristics. Despite technological advancements, challenges remain due to complex
topographical effects, variable snow conditions, and the need for regional calibration, which

can affect the accuracy of remote sensing algorithms.
1.2.  Need for the Study

Southeast Asia's freshwater tower, the Himalayan cryosphere, is regarded as the planet's third
pole. Strong effects of persistent climate change are being seen in the related glaciated regions
(Vohra, 2007; Bolch et al., 2008). In these areas, snow cover loss and glacier retreat have led
to the rapid growth of numerous glacier lakes, most of which are blocked by unstable and
unconsolidated materials (Richardson and Reynolds, 2000). Glacial Lake Outburst Floods
(GLOFs) result from such dammed lakes failing. These devastating flash floods destroy
infrastructure and human life in downstream areas. The Himalayan regions are seeing a decline
in their ability to thrive due to anthropogenic activities and population growth. These regions
are particularly vulnerable to severe devastation in the event of GLOFs. (Cherry et al., 2017).
There are a few examples of such events in recent decades, such as one related to South Lhonak
Lake, Sikkim, India, which occurred on 4™ October 2023, and another disaster associated with
Shisper Lake, in the Karakoram range of the Himalaya, which drained twice within one year
(Khan et al., 2021). Such comprehending variations in Himalayan snow cover extent, glacier

retreat, GLOFs, and freshwater supply require need-of-the-hour attention to be monitored
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continuously. One of the ways to forecast and safeguard from these low-frequency hazards is

to study the variation of snow geophysical parameters over the region.

1.3.  Aimand Objective of the Thesis
The main aim of this study is to explore the potential of optical and microwave remote sensing

in studying the geophysical properties of snow in the Northeastern Indian Himalayas.
Objectives:

1) Inversion Modeling for Snow Grain Size Estimation.

2) Todevelop a model to estimate snow's dielectric, density, and wetness.

3) To estimate the snow depth.

4) To develop a state-of-the-art methodology to study the snow quality regarding

contamination.

1.4. Thesis Structure

This thesis presents its findings in seven chapters. It focuses on comprehending the models and
methods employed to estimate snow geophysical parameters, integrating state-of-the-art
empirical equations, field research, and datasets from satellite remote sensing. Chapters of the
thesis are organized based on the objectives of the present study. The chapter-wise summary of
the thesis is given as follows:

= Chapter 1 describes the brief introduction, motivation, aim, objectives, and thesis
structure.

= Chapter 2 reports a detailed literature review and conceptualizes the various methods
applicable for snow geophysical parameters estimation through a wide range of satellite
remote sensing datasets and other ancillary datasets.

= Chapter 3 deals with snow grain size estimation using Hyperspectral remote sensing
datasets.

= Chapter 4 deals with snow wetness, dielectric, and density estimation using
Multispectral, Hyperspectral, and Microwave remote sensing.

= Chapter 5 shows snow depth estimation using Microwave remote sensing.

= Chapter 6 deals with snow condition monitoring in terms of clear and contaminated
using microwave remote sensing in conjunction with the multispectral dataset.

= Chapter 7 summarizes the present research and suggests the future scope of the current

work.
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2

LITERATURE REVIEW

Snow is a solid precipitation characterized by ice crystals that form in the atmosphere and
accumulate on the ground. The definition of snow is usually restricted to the material composed
of air and ice that has not changed much since it fell on the ground (Cuffey and Paterson, 2010).
This study focuses on accumulated snow under continuous transformation due to Earth's
physics. Such snow is a compacted layer incorporating fresh and older snow. The accumulated
snow has experienced various physical transformations, such as melting, refreezing, and
compression. It becomes denser and more cohesive with time as it compacts under its weight
and undergoes a repetitive melt and refreeze cycle by phenomena known as snow
metamorphism (Colbeck, 1982). This phenomenon is widely studied by monitoring changes in
snow cover properties in response to changing weather and loading conditions (Brun et al.,
1989; Lehning et al., 1998). Monitoring snowpacks for scientific and practical applications
requires measuring various snow properties, including their spatial and temporal variations
(Meier, 1975). Conventional methods offer detailed data at localized scales. However, remote
sensing techniques provide significant potential for observing changes in snow properties
across diverse spatial scales, ranging from research sites to global extents. Snow Geophysical
Parameters Estimation refers to the methodologies employed to measure and analyze critical
characteristics of snow, including dielectric properties, density, wetness, grain size, depth, and

contamination levels.

2.1. Snow Geophysical Parameters and Their Importance

Based on past studies, snow cover has the following properties: (1) optical properties (Warren,
1982, 2019), (2) electrical properties (Glen and Paren, 1975), (3) mechanical properties (Salm,
1982; Petrovic, 2003), (4) thermal properties (Yen, 1981). According to Mellor, M. (1977),
engineering properties from applied research on snow cover could enhance attempts to
disseminate information about snow conditions. Policymakers and research managers should
be interested in it, and economics should also benefit from it. This thesis discusses the
macroscopic properties of snow, which are suitable for direct application to practical work.
These snow characteristics do not include essential physical attributes known as small-scale
structures (atomic, single crystal). The properties of snow selected for monitoring snow

conditions are (1) snow grain size, (2) density, (3) permittivity, (4) wetness, (5) depth, and (6)
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contamination. Earth's physics continuously changes these properties, referred to as snow

geophysical parameters/properties (SGPs) in this study.

2.1.1. Snow Grain Size

Snow grain size can be characterized through various methods suited to specific applications.
Traditional techniques, such as measuring the largest dimension of a snow grain, measured in
millimeters, and are often assessed using a crystal card and hand lens for in-situ measurements
(Fierz et al., 2009), offer simple observational data. In contrast, advanced metrics like specific
surface area (SSA) and effective grain radius (r.) provide deeper insights into the optical and
physical properties of snow (Grenfell and Warren, 1999; Nolin, 2010). These parameters are
crucial for accurately modeling snow scattering, absorption, and reflectance, contributing to a
more comprehensive understanding of snowpack dynamics (Donahue et al., 2021). The
characteristic decline in near-infrared (NIR) reflectance of snow due to increased ice
absorptivity provides a robust basis for estimating effective grain radius (r.) (Nolin and Dozier,
2000). This relationship, affected by snow metamorphism and grain coarsening, has enabled
the development of retrieval methods using NIR reflectance data (Fair et al., 2022). These
methods include discrete measurements and mapping techniques, which vary based on the

spectral range and resolution of the instruments utilized.

Characterizing snow grain size can be performed using both ground-based and remote-sensing
methods. The local-scale methods for retrieving snow grain size (r.) have advanced
significantly, leveraging field spectrometers, specialized instruments, and NIR photography
(Painter et al., 2007; Matzl and Schneebeli, 2006; Gallet et al., 2009; Zuanon, 2013; Gergely
et al., 2013). While discrete measurement techniques provide detailed vertical or sample-
specific profiles, they are time-intensive and limited in spatial coverage. Mapping methods,
such as digital NIR photography, offer higher spatial resolution but are constrained by empirical
calibrations and illumination sensitivity. Despite these advancements, a comprehensive method
combining high spatial and spectral resolution for local-scale mapping of r. remains unavailable
(Donahue et al., 2021). Thus, remote sensing has emerged as a powerful tool for mapping r. on
a pixel-wise basis. Spaceborne multispectral sensors like the Moderate Resolution Imaging
Spectroradiometer (MODIS) can estimate r. using band ratios or spectral unmixing techniques
(Donahue et al., 2021). Furthermore, space-borne imaging spectroscopy advancement has
provided the Hyperion and PRISMA (PRecursore IperSpettrale dells Missione Applicativa, or
Hyperspectral Precursor of the Application Mission) dataset for effectively estimating r. (Negi
etal., 2011; Singh et al., 2022).
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Snow grain size is a fundamental property of snow cover directly related to its surface area
(Donahue et al., 2021). Its estimation is essential for understanding and monitoring the Earth's
radiation balance, particularly within the cryosphere (Jin et al., 2008). Snow grain size
influences snow reflectance (Wiscombe and Warren, 1980; Marshall and Oglesby, 1994;
Gelman et al., 2020) and plays a key role in characterizing snow metamorphism and
stratigraphy (Colbeck, 1991). Surface snow grain size is critical for modeling snow albedo, a
significant factor in the snow energy balance and snowmelt timing (Marks and Dozier, 1992).
Additionally, the vertical distribution of snow grain size, or stratigraphy, is vital for microwave
radiative transfer modeling (Brucker et al., 2011) and for understanding the mechanical
(Pielmeier and Schneebeli, 2003) and thermodynamic (Hammonds et al., 2015) properties of
snowpacks. Snowpack stability has frequently been examined in snow avalanches utilizing
information derived from snow grain size and snow shape (Schweizer et al., 2003).

2.1.2. Snow Density

Snow density is a critical geophysical property of snow and a reliable climate change indicator
(Armstrong and Brun, 2010). Snow density represents the mass of snow per unit volume,
commonly measured in kilograms per cubic meter (kg/m3). It exhibits substantial variability
depending on the type of snow and prevailing environmental conditions. For example, snow
density increases progressively from freshly fallen snow (50-70 kg/m?) to firn (400 to 830
kg/m3) and ultimately to fully compacted glacial ice (830-923 kg/m3) (Cuffey and Paterson,
2010). Field measurement of snow density provides reliable localized data but is labour-
intensive and influenced by snow stratigraphy and environmental conditions. However, remote
sensing enables large-scale snow density estimation but is limited by spatial-temporal
resolution and uncertainties from surface heterogeneity and environmental factors. Singh and
Venkataraman (2009) demonstrate the potential of C-band dual-polarimetric SAR data from
ENVISAT-ASAR for estimating dry snow density in rugged Himalayan terrain, with an
algorithm achieving a mean absolute error of 21.3 kg/m3 when compared to field
measurements. Surendar et al. (2015) propose a novel methodology for snow density estimation
using full-polarimetric SAR data, achieving high accuracy with a mean absolute error (MAE)
of 0.027 g/cm? and a root mean squared error (RMSE) of 0.032 g/cm3, validated against in-situ

measurements.

In-situ snow density measurements are conducted using various methods, including core
samplers, snow forks, snow pits, and micro-CT scanning, each providing valuable data on snow
density and stratigraphy (Su et al., 2022). Snow Fork can provide a direct in-situ measurement
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of snow density. Before starting actual in-situ measurements, the snow fork is calibrated in the
air, and the frequency 890.1 MHz (888 — 892 MHz), bandwidth 20.8 MHz (18-23), and
attenuation 1799 (1600-3000) should fall within the prescribed ranges.

It significantly influences various snow characteristics, including mechanical properties (e.g.,
snow load estimation), thermal properties (e.g., thermal conductivity) (Zhang, 2005), optical
properties (e.g., albedo) (Warren, 1982), and electromagnetic attributes (Tiuri et al., 1984).
Furthermore, snow density is integral to snow hydrology assessments, particularly for
estimating snow water equivalent (SWE) and predicting snowmelt runoff (Martinec and Rango,
1986; Sturm et al., 2010; McCreight and Small, 2014; Sturm, 2015). It is also a crucial
parameter for retrieving SWE using remote sensing data, enhancing land surface models (Dutra
et al., 2010), and forecasting snow-related disasters such as avalanches, spring floods, and
droughts (Keshari et al., 2010). Accurate measurement of snow density is essential for
understanding the physical properties of snow, as it affects both the microstructure and the
overall behavior of snowpacks (Su et al., 2022). It influences snow layers' thermal, mechanical,
and optical properties (Bormann et al., 2013). Therefore, it is also valuable for the assessments
of snow trafficability (Lee and Wang, 2009), slope stability calculations for avalanche
prediction (Brun et al., 1989), and snow hydrology (Rango and Martinec, 1995; Sturm et al.,
2010). It varies with time and space, so it must be measured all over the accumulated snow
rather than assumed to be a constant value.

2.1.3. Snow Permittivity

Snow permittivity is one of the important electrical properties of snow, which varies with
electromagnetic frequencies (Evans, 1965). It is the only one with complex values among all
other snow geophysical properties. The fundamental part is permittivity (relative
permittivity/dielectric constant), defined as the ratio of snow and free space permittivity. The
imaginary part is called dielectric loss, which typically depends on snow liquid water content
and temperature. Snow is an insulator made of air, ice, and water content, which makes it a
three-component system. Thus, the snow complex dielectric constant is measured as the
dielectric mixture of ice particles, air, and liquid water content (Evans, 1965; Sihvola et al.,
1985; Denoth, 1989). The dielectric properties of snow cover differ if the snowpack shows the
same density because of the different structure of its ice networks (Yosida et al., 1958). Thus,
it is sensitive to surface roughness. Denoth's (1994) study shows that in the frequency range of
10 MHz to 1 GHz, snow permittivity is primarily determined by its density and moisture
content, with minimal influence from frequency. In contrast, ionic conductivity, ice grain size,
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and water phase distribution have negligible impacts on permittivity within this range. The
dielectric and scattering characteristics of wet snow exhibit distinct behaviors across different
regions of the electromagnetic spectrum. Snow demonstrates high visible spectrum reflectivity,
strong thermal infrared absorptivity, and variable transparency at longer wavelengths. As snow
transitions to a wet state, liquid water notably impacts its electrical properties, particularly at
higher microwave spectrum (Meier,1975). These diverse electromagnetic properties form a
robust foundation for remote sensing techniques to monitor snow. However, spatial resolution
limitations, especially in mountainous terrains, continue to pose challenges for accurate
observation (Koike and Suhama, 1993).

Various in-situ instruments are employed to measure the dielectric properties of snow, each
suited to specific applications. Time Domain Reflectometry (TDR) measures the travel time of
electromagnetic waves through the snow (Schneebeli et al., 1998; He et al., 2021), while Snow
Forks enable direct field measurements of permittivity (Bradford et al., 2009). Capacitance and
impedance probes assess the electromagnetic response of the snowpack, and portable
microwave radiometers facilitate high-frequency dielectric measurements (Avanzi et al., 2014;
Reistad, 2018). Collectively, these tools provide comprehensive methods for characterizing the

dielectric behavior of snow under varying conditions.

Meier (1975) highlights the significance of snow dielectric properties in understanding snow
dynamics and their application in estimating snow water equivalent (SWE), snow depth, and
other snowpack characteristics. Evans (1965) examines how the permittivity and loss tangent
of ice and snow change across different frequencies, highlighting the influence of snow density,
impurities, and temperature and their relevance to glaciological field studies. Glen and Paren
(1975) have shown that the dielectric properties of snow and ice are critical for differentiating
between temperate and polar glacial ice. These properties reflect how ice responds to an applied
electric field, which is influenced by factors like temperature, impurity content, porosity, and
the presence of air bubbles. Snow dielectric significantly contributes to snow sintering (Mellor,
1977) (a specialized technique that compacts snow into a cohesive solid by applying heat and
pressure without inducing melting). This method is crucial for improving snow's mechanical
properties and density, making it highly applicable in polar construction and infrastructure
development (Hong et al., 2022; Xiao et al., 2024).
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2.1.4. Snow Wetness/Liquid Water Content (LWC)

Snow wetness, the liquid water content within the snowpack, plays a critical role in the
hydrological cycle and is essential for water resource management (Awasthi and Varade, 2021).
The measurement of snow wetness provides insights into the temporal and spatial variability
of snow properties, which are crucial for understanding snowmelt dynamics and their
implications for downstream water availability (Meier,1975). Snow-containing liquid water
can be categorized into two regimes with distinct physical characteristics (Colbeck, 1982;
Parmentier, 2024): (1) the pendular regime, where isolated water bodies occupy the pore
spaces at low wetness, and (2) the funicular regime, where increased wetness causes water
droplets to connect and form continuous liquid pathways within the pore structure. The
transition between these regimes occurs at approximately 10-15% saturation of the pore
volume, as noted by Denoth (1980, 2003). In field practice, snow is classified based on its
volumetric water content or wetness (W). The classification includes dry (W = 0), moist (W =
0-0.03), wet (W = 0.03-0.08), very wet (W = 0.08-0.15), and slush (W > 0.15) (Green et al.,
2004). Moist and wet snow typically falls within the pendular regime, while very wet snow and
slush exceed the pendular-funicular threshold. Field classification is often qualitative, relying
on indicators such as the snow's tendency to clump or the amount of water released underhand
squeezing. However, large-scale LWC monitoring satellite missions like Sentinel-2 use
multispectral data and algorithms that link spectral reflectance to snow liquid water content to
estimate surface snow wetness (Varade and Dikshit, 2018). Further, multi-frequency and
polarization SAR have been utilized to estimate snow density and wetness by analyzing

backscattering coefficient simulations (Shi and Dozier, 2000; Tanikawa et al., 2002).

The hand wetness test is a globally used method by avalanche workers and snow observers to
classify snow wetness, such as dry, moist, wet, very wet, or slush (Fierz et al., 2009).
Advancements in technology, particularly computerized snow wetness meters or electronic
devices such as the Snow Fork or the Denoth meter, have enhanced the assessment of snow
wetness by allowing the recording of variations over time and at different depths within the
snowpack (Denoth, 1994; Awasthi and Varade, 2021)

Bousbaa et al. (2022) highlight that the seasonal snowmelt is a critical water resource in
mountainous regions, playing a key role in shaping the hydrology of downstream ecosystems.
Mitterer and Schweizer (2013) highlight the significance of snow wetness for wet-snow

avalanche prediction. Further, Madore et al. (2022) also identify LWC as a key factor for
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snowpack stability analysis, as well as for snowpack evolution (Marks et al., 1998; Essery et
al., 2009; Kinar and Pomeroy, 2015)

2.1.5. Snow Depth

Snow depth is the measurement of the total snowpack depth over the ground. It also varies in
time and space. According to Barnett et al. (2005), snow cover provides low heat conductivity
and strong thermal resistance, which can lower land surface temperature and stabilize thermal
conditions. Thus, snow depth can control the regional temperature and the growth of different
flora and fauna. It is a key parameter in hydrology and climate research, as it directly correlates
with SWE, representing the snowpack's water content (Awasthi and Varade, 2021). Accurate
snow depth measurement is critical for assessing seasonal water resource dynamics, as it
significantly impacts runoff and water availability during warmer periods (Nolin, 2010).
Estimating snow depth is essential for evaluating the impacts of climate change. Variations in
snow cover and depth indicate shifting climatic patterns, including rising temperatures and
changes in precipitation (Nasim et al., 2022; Dai and Che, 2022). VVegetation cover significantly
impacts snow depth measurements and estimates (Taheri and Mohammadian, 2022). Wind
exposure significantly affects snow depth by influencing its distribution. Wind-driven

processes, such as redeposition, create spatial variability in snow cover (Yang et al., 2020).

Manual snow depth sampling is costly, time-intensive, and poses risks to field crews. Sampling
snow depths in avalanche start zones and runout areas is particularly challenging, highlighting
the need for remote-sensing technologies (Deems et al., 2013). Moreover, manual methods are
constrained by limited spatial intervals, making it challenging to capture the natural variability
of snow depth at slope or basin scales (Elder et al., 1991; Bloschl, 1999; Hiemstra et al., 2006).
Recent advancements, such as GPS interferometry, have enabled snow depth measurements
with an accuracy of 10 cm (Gutmann et al., 2012). While promising, these techniques are still
limited in spatial coverage, similar to snow monitoring networks in the western USA. Snow
depth estimation employs various methods that range from traditional manual techniques to
advanced remote sensing technologies (Lenormand et al., 2002; Rees, 2005; Lei and Siqueira,
2015). SAR Polarimetry (Pol-SAR) and SAR interferometry (INSAR)-based access has proven
to help estimate snow depth (Mahmoodzada et al., 2020). Lievens et al. (2019) used time series
Sentinel-1 records to study the inconstancy of snow depth in the mountains of the Northern
Hemisphere. Repeat-pass interferometric datasets and approaches entrenched in INSAR have
been extensively employed for the calculation of snow water equivalent and the analysis of
snowpack dynamics (Evans and Kruse, 2014; Lei and Siqueira, 2015; Leinss et al., 2015; Li et
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al., 2017; Varade et al., 2020). Thus, snow depth estimation is vital for advancing climate
studies and supporting disaster management strategies. Accurate snow depth measurement and
monitoring are essential to climate change-altering precipitation patterns and snow dynamics.
These efforts are critical for effective water resource management and reducing risks associated

with snowmelt and related natural hazards (Meehan et al., 2023; Harder et al., 2016).

2.1.6. Snow Impurity

Snow is considered contaminated when any foreign materials are deposited/mixed with it.
Clear snow comprises ice, water, and air and has no inclusions/impurities. Snow is considered
contaminated when foreign objects (ash, coal, wood, etc.) are deposited/mixed with it. Several
studies (Nazarenko et al., 2016; Xu et al., 2009; Ramanathan and Carmichael, 2008; Barnett et
al., 2005; Hansen and Nazarenko, 2004) have examined the impacts of snow contamination on
the climate and humans. Snow contamination can accelerate melting and majorly impact the
radiative balance of snow cover (Xu et al., 2009; Ramanathan and Carmichael, 2008; Hansen
and Nazarenko, 2004). According to Hansen and Nazarenko (2004), understanding the
connection between the cryosphere, the atmosphere, and climate depends on how a snow
impurity affects snow albedo reduction. Further, the deposition of black carbon accelerates the
melting of snow, resulting in a decrease in freshwater sources at the catchment level (Xu et al.,
2009; Barnett et al., 2005). In addition to lowering snow albedo (Wiscombe and Warren,
1980,1981) and raising snow surface temperatures, snow contamination can have an impact on
the water quality of rivers (Kirchner et al., 1993) that receive runoff during snowmelt (Balla
and Garg, 2023). Snow contamination is widely studied through optical remote sensing using
a normalizing difference index called the snow contamination index (SCI). This relies on the
observation that the effect of snow contamination is most evident in the visible region (0.3 -
0.7 um) and decreases with increasing wavelength (Warren and Wiscombe, 1980; Negi et al.,
2006, 2010). In the visible region of the electromagnetic spectrum, the contaminated snow has
lower reflectance than clear snow (Staenz and Haefner, 1981; Warren, 1982; Takeuchi, 2009;
Casacchia et al., 2001). Based on spectroradiometer (Di Franco et al., 2022) readings, Negi et
al. (2010) introduced the SCI, which uses blue and green wavelengths. They claimed that the
SCl index decreases and remains harmful for contaminated snow. Snow contamination can be
easily identified with hyperspectral or multispectral datasets. With climate change affecting
weather patterns and pollution distribution, monitoring snow contamination is becoming
increasingly essential. Effective tracking of this phenomenon is critical for predicting and
mitigating potential health risks associated with contaminated snow (Tang et al., 2011).
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2.2. Interaction of EMR with Snow

The electromagnetic properties of snow are fundamental to understanding its interaction with
electromagnetic radiation and its behavior in the environment. Snow, composed primarily of
air and ice, exhibits distinct electromagnetic characteristics depending on its state (dry or wet),
significantly affecting its reflection, absorption, and emission of electromagnetic waves across
various wavelengths. These differences are significant for remote sensing applications,
enabling monitoring of snowpack conditions, evaluating hydrological impacts, and analyzing

climate change effects.

2.2.1. Optical properties of snow

Snow exhibits a distinct reflectance profile in the visible and infrared spectrum compared to
other materials. Its spectral signature is characterized by high reflectance in the visible
spectrum and lower reflectance in the shortwave infrared (SWIR) region (Hall et al., 1995).
Comparative analyses of spectral signatures, based on the Advanced Spaceborne Thermal
Emission Reflection Radiometer (ASTER) spectral library (Baldridge et al., 2009), reveal that
ice and water have considerably lower reflectance than snow. The high reflectivity in the visible
spectrum, combined with strong absorption in the SWIR region around 1.5 pm and 2.0 um,
forms the basis for snow identification using the Normalized Difference Snow Index (NDSI)
(Hall et al., 1995). The NDSI is the ratio of the difference to the sum of reflectance in the green
and SWIR bands. While clouds also demonstrate high reflectance in the visible spectrum, they
differ from snow by exhibiting relatively higher reflectance in the SWIR region, enabling
differentiation. An exception to this is thin cirrus clouds, which display similar spectral

responses to snow across the visible and infrared spectrum (Bian et al., 2016).

Freshly fallen snow consists of fine-grained particles of ice and air, characterized by a low
density and powdery texture. Over time, atmospheric processes cause these particles to adhere
to one another, increasing grain size and density (Melgysund et al., 2007). This transformation
is often influenced by the presence of LWC within the snowpack (Colbeck, 1982). As a result,
the spectral reflectance of snow decreases across the visible and infrared spectrum. Ice and
water are strong light absorbers, significantly reducing incident energy across all wavelengths
in these spectral regions. This distinction facilitates the differentiation of snow from ice and
water (Shekhar et al., 2019).

Furthermore, snow grain size can be characterized using indices such as the Snow Grain Index

(Chang et al., 1976), which relies on visible and NIR spectral reflectance. Dozier (1989)
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developed four indices based on Landsat Thematic Mapper band reflectance to derive
qualitative insights into snow contamination and grain size. A normalized difference index
utilizing blue and green wavelengths was proposed to differentiate contaminated from
uncontaminated snow, while the other three indices employed combinations of blue, NIR, and
SWIR reflectance. However, these latter indices do not account for grain size variations

independent of contamination and are more generalized in nature.

Additionally, these indices do not apply to refrozen snow. Refrozen and wet snow exhibit
similar grain sizes and reflectance, except in the 0.98-1.3 um region, where the absorption
coefficient transitions between water and ice (Dozier et al.,, 2009). Therefore, accurate
spatiotemporal monitoring of wet or refrozen snow requires hyperspectral data covering the

0.98-1.3 um infrared region for improved precision.

2.2.2. Microwave interaction with snowpack

The dielectric properties of a snowpack at a specific microwave frequency are determined by
the relative proportions of liquid water and ice within it (Ulaby et al., 1977). The presence of
liquid water significantly contributes to the absorption of microwaves in the snowpack. Its
absorption within a snowpack increases with rising temperature and decreases with higher
frequencies. Increased absorption leads to a reduction in the penetration depth of microwaves
in the snowpack. For instance, the penetration depth for a 20 GHz microwave signal is
approximately 1 meter (Derksen et al., 2003; Tsang et al., 2008). The penetration of an incident
electromagnetic (EM) wave in the snowpack is governed by the extinction coefficient, which
is the sum of the volume absorption coefficient and the volume scattering coefficient
(Montpetit et al., 2013; Maslanka et al., 2019; Saberi et al., 2020). The imaginary component
of the snowpack dielectric constant regulates the volume absorption coefficient. In contrast, the
scattering coefficient is influenced by the geometry and inhomogeneities of the snowpack
relative to the wavelength of the incident wave (Leinf? and Hajnsek, 2012).

The primary microwave frequency bands utilized for snow studies include the Ku-band (~17.25
GHz), X-band (~9.65 GHz), and C-band (~5.52 GHz). Each band exhibits distinct backscatter
characteristics influenced by snow structure and composition. For example, the Ku-band is
highly sensitive to snow grain size and structural properties. In contrast, the X-band
demonstrates significant backscatter variability due to snow thickness and surface roughness
(Achammer and Denoth, 1994; Nandan et al., 2017). The C-band is characterized by strong
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reflective properties while demonstrating lower sensitivity to microstructural variations relative

to other frequency bands (Brangers et al., 2024; Hoppinen et al., 2024).

The backscatter from a snowpack is influenced by various snow-layer properties, particularly
the quasi-horizontal stratification within the snowpack. Variations in snow properties, such as
density and dielectric constant, are typically observed across different stratigraphic layers
(Strozzi et al., 1997; Matzler et al., 1997; Nagler et al., 2016). These stratigraphic variations
significantly impact the backscattering characteristics of the snowpack. However, for wet snow,
the effect of stratigraphy on backscatter is minimal due to the reduced penetration depth of the
electromagnetic (EM) wave (Nagler, 1996; Singh and Venkataraman, 2010). Backscattering
from a snowpack is generally modeled as a two-layer problem involving the air-snow interface
and the snowpack volume (Chang et al., 1996). An EM wave incident on the snowpack surface
is partially reflected and transmitted into the snowpack volume. The transmitted wave
undergoes attenuation within the snowpack due to absorption and scattering losses in the
medium (Nagler, 1996; Nagler and Rott, 2000).

The total backscattering from a snowpack consists of contributions from the air—snow interface,
the snowpack volume, and the snow—ground interface (Shi et al., 2016; Singh et al., 2017).
Each component's relative scattering power depends on the snowpack's state and thickness.
Surface scattering is influenced by surface roughness, which is generally low, as snow surfaces
are often considered smooth, except in Sastrugi or disturbed snow (Leroux and Fily, 1998;
Zhuravleva and Kokhanovsky, 2011). Surface roughness properties are characterized by
statistical parameters such as surface correlation length, standard deviation of surface height
variations, and the shape of the correlation function (Ulaby et al., 1981,2014).

Attenuation of microwaves in the snowpack is determined by scattering coefficients, which
depend on snow particle size and the wavelength of the incident wave, and absorption
coefficients, which are influenced by the dielectric constant of the snowpack and its LWC
(Nagler, 1996; Tiuri et al., 1984; Kokhanovsky and Zege, 2004; Grody, 2008). The SAR
backscatter exhibits significant variation between wet and dry snow due to differences in
dielectric properties and penetration depths (Hallikainen, 1992). Snowpack with a temperature
above 0 °C is typically classified as wet snow. In contrast, snowpack with temperatures below
0 °C and a LWC of less than 1% by volume is considered dry snow (Stiles et al., 1981; Ulaby
et al., 1982; Thakur et al., 2016). In dry snow, the primary contribution to backscatter arises

from volume scattering within the snowpack and scattering at the snow/ground interface. As
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dry snow ages, surface scattering at the air-snow interface increases due to the growth of snow
grain size caused by the melting and refreezing of the top snow layer (Shi and Dozier, 1995;
Yueh et al., 2009; Varade et al., 2020a). In contrast, the backscatter from wet snow is dominated
by a more substantial surface component, with a weaker volume component and typically no
contribution from the snow-ground interface (Thakur et al., 2012). For a given snowpack
thickness, the backscatter from dry snow is generally higher than that from wet snow (Shi and
Dozier, 1995; Nagler and Rott, 2000; Thakur et al., 2013; Awasthi et al., 2020).

The backscatter response of a snowpack is generally influenced by several factors, including
radar wavelength, wave polarization, incidence angle, local incidence angle, surface roughness,
and dielectric properties (Baghdadi and Zribi, 2006; Fung and Chen, 2010; Ulaby et al., 2014).
Radar waves with shorter wavelengths exhibit higher backscatter compared to longer
wavelengths. Long-range radar wavelengths render the snowpack nearly transparent for dry
snow, with grain sizes ranging from 0.1 to 0.3 mm. This transparency indicates that the radar
wave propagates through the snowpack with minimal scattering or reflection from snow
particles. In shallow, dry snow covers with a SWE of less than 20 cm at the C-band (5.3 GHz,
5.6 cm), volume scattering is negligible as the snow is a transparent medium for microwaves
at these wavelengths (Bernier, 1987). For wet snow, the increased compactness of the
snowpack results in a larger effective snow-grain size and greater snowpack thickness,

significantly influencing the backscatter characteristics (Riche et al., 2013; Leinss et al., 2016).

Changes influence temporal variations in the dielectric properties of the snowpack with
temperature. An increase in snowpack wetness elevates its dielectric constant, which reduces
the penetration of microwave energy into the snowpack volume. Consequently, the snowpack
loses its transparency to microwaves, even at longer wavelengths. Under these conditions, the
dominant backscatter contributions arise from the air-snow interface and the snowpack volume
(Nagler, 1996). Additionally, the effective surface roughness and the propagation path of
electromagnetic waves increase at lower incidence angles, leading to reduced backscatter.
Electromagnetic waves at low incidence angles also encounter more pronounced layover and
shadowing effects. For this reason, microwave datasets acquired at higher incidence angles are

preferred for snow-related studies in high-altitude mountain regions (Thakur et al., 2012).
2.3. Remote Sensing for Snow Geophysical Parameters

Remote sensing has revolutionized the study of SGPs by enabling extensive, continuous, and

accurate monitoring of snow-covered areas. Traditional in situ methods, although precise, are
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constrained by their labour-intensive nature and limited spatial coverage, particularly in remote
or high-altitude regions. Introducing satellite-based remote sensing technologies, including
optical, thermal, and radar sensors, has addressed these limitations by offering consistent and
high-resolution observations across varied spatial and temporal scales. The SAR and
multispectral or hyperspectral imaging facilitate estimating SGPs by analyzing electromagnetic
wave interactions with snowpacks. These advancements significantly enhance modeling and
forecasting efforts related to hydrology, climate change, avalanche risk, and ecosystem
dynamics, highlighting the critical role of remote sensing in cryospheric studies.

The pre-processing of satellite imagery, including Multispectral, Hyperspectral, and
SAR datasets, is vital in remote sensing workflows to improve data quality and usability for
diverse applications. This stage mitigates distortions and artifacts arising from atmospheric
effects, sensor inconsistencies, and geometric misalignments, facilitating precise land use
analyses, environmental monitoring, and disaster management. Key pre-processing techniques,
including atmospheric correction, geometric correction, radiometric calibration, and image
registration, are essential for ensuring the reliability and accuracy of information extracted from
these imaging systems. Multispectral and hyperspectral imagery provide detailed spectral
insights for accurate material identification and vegetation health assessment, whereas SAR
imagery offers reliable, all-weather, and day-and-night monitoring capabilities. With
advancements in satellite technology, the demand for sophisticated pre-processing techniques
is increasing, underscoring the necessity for ongoing innovation in this area. The pre-
processing of satellite imagery faces significant challenges, including mitigating various noise
types and the complexities associated with diverse data formats requiring distinct calibration
and processing approaches. Moreover, evaluating the performance of pre-processing methods
is an intricate, demanding method selection tailored to specific application needs. Key software
platforms, including the Sentinel Application Platform (SNAP), ENVI, MATLAB, Google
Earth Engine, ArcGIS, etc, play a critical role in enabling efficient data processing and analysis,
facilitating the handling of large datasets. The ongoing development of these tools, in
conjunction with interdisciplinary collaboration, is fostering the creation of innovative
solutions to address the complex challenges of satellite image pre-processing, thereby
advancing applications in environmental monitoring, disaster management, and other fields.
However, nowadays, satellite data providers (such as USGS, ESA, ASI, etc.) perform
geometric correction, radiometric correction, image registration, and atmospheric corrections

and directly provide application-ready datasets.
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Satellite imagery can be classified according to the spectral range captured, the sensor types
employed, and their specific applications. The primary categories of satellite images used in

this thesis are Optical (Multispectral and Hyperspectral) and SAR images.

2.3.1. Multispectral and Hyperspectral Remote Sensing

Multispectral images are acquired using sensors that capture data across multiple spectral
bands, from visible light to near-infrared and thermal radiation. These images are instrumental
in snow cover mapping, glacial lake identification, glacier surface classification, vegetation
monitoring, land cover classification, and landscape archaeology applications. A prominent
example of a multispectral satellite is the ESA’s Sentinel-2, which delivers high-resolution
imagery across 13 spectral bands and generates atmospherically corrected surface reflectance

products.

Hyperspectral images capture contiguous spectral bands with ~10nm of spectral resolution,
while multispectral images provide discrete spectral bands with much coarser spectral
resolution. This high spectral resolution enables more accurate identification and
differentiation of materials, making it valuable for applications such as mineral exploration,
environmental monitoring, snow contamination, and agricultural assessments. Analyzing
detailed spectral signatures in hyperspectral data improves the detection of subtle changes in

land cover and land use over time.

Atmospheric correction is an essential preprocessing step in satellite imagery analysis to
mitigate the influence of atmospheric effects on sensor data. It aims to eliminate atmospheric
influences from satellite or airborne remote sensing data, thereby enabling the retrieval of the
actual surface reflectance or radiance. This process accounts for the scattering and absorption
of electromagnetic radiation caused by atmospheric constituents, including gases, aerosols, and

water vapor.
The key scientific steps involved in atmospheric corrections are as follows:

Radiative Transfer Modeling: The study of radiative transfer and its role in atmospheric
correction has a well-established history, closely tied to advancements in remote sensing
technology (Thomas and Stamnes, 2002). The interaction of sunlight with the atmosphere is
represented through modeling that accounts for scattering mechanisms, including Rayleigh and
Mie scattering, as well as absorption by atmospheric components such as water vapor, carbon
dioxide (CO:), and ozone (Os). Radiative transfer equations are employed to model light

propagation through the atmosphere. Inspiring contributions, such as those by Clough et al.
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(1981), who examined spectral transmittance, and Bohren (1987), who analyzed multiple
scattering phenomena, underscored the intricate radiative processes influencing remote sensing

observations.

Top-of-Atmosphere (TOA) Radiance/Reflectance: Top-of-Atmosphere (TOA) radiance
represents the total electromagnetic radiation recorded by a satellite sensor at the Earth's
atmospheric boundary. This measurement encompasses contributions from both the Earth's
surface and atmospheric interactions, including scattering and absorption by gases, aerosols,
and clouds. TOA reflectance is computed from TOA radiance by normalizing it against solar
irradiance, sensor geometry, and observation conditions, thereby standardizing the data for
further analysis. Atmospheric correction isolates the atmospheric components from the TOA
signal to obtain the actual surface reflectance. BOA (Bottom-of-Atmosphere) reflectance
accurately represents the Earth's surface reflectance, free from atmospheric interference. The
conversion of TOA reflectance to BOA reflectance is crucial for various quantitative remote
sensing applications.

Surface Reflectance Retrieval/BOA: Atmospheric correction algorithms estimate surface
reflectance by eliminating the contributions from the following atmospheric components: (i)
Downwelling irradiance- Scattered sunlight in the atmosphere before reaching the Earth's
surface (ii) Upwelling radiance- Light scattered and reflected towards the sensor by the
atmosphere (iii) Path radiance- Additional radiance is introduced into the signal due to

scattering within the atmosphere.

Input Parameters: Precise atmospheric correction necessitates the following information- (i)
Solar zenith angle: The angle between the Sun and the horizontal plane. (ii) Sensor viewing
geometry: The angle between the sensor and the Earth's surface. (iii) Atmospheric conditions:

Concentrations of gases (e.g., Os, COz2), aerosol optical thickness, and water vapor.

Further, several methods are available, each with distinct advantages and drawbacks. This

section overviews some of the most widely used atmospheric correction algorithms.

Dark Object Subtraction (DOS) is a widely used, straightforward atmospheric correction
method. It operates on the assumption that dark objects, which reflect minimal light, are present
in the scene. The algorithm identifies the minimum Digital Number (DN) value in the image
histogram and subtracts it from all pixel values to reduce the effects of atmospheric scattering.

This approach benefits images moderately impacted by haze (Song et al., 2001).
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Fast Line-of-Sight Atmospheric Analysis of Spectral Hypercubes (FLAASH) is a
sophisticated atmospheric correction technique for hyperspectral imagery. It utilizes the
MODTRAN radiative transfer model to incorporate atmospheric conditions and derive spectral
reflectance from hyperspectral radiance data. As part of the Atmospheric Correction Module in
various image processing software (such as ENVI), FLAASH is particularly valuable for

applications that demand high spectral resolution and precision (Hernandez-Baquero, 2000).

Radiative Transfer Models, including 6S, LOWTRAN, and MODTRAN (Abreu and
Anderson, 1996; Ignatov and Stowe, 2002; Anderson et al., 2007), provide advanced methods
for atmospheric correction by simulating light propagation through the atmosphere, factoring
in variables such as aerosol concentration and humidity. Although these models are effective,
they necessitate scene-specific atmospheric data, which can be challenging to acquire, thus

restricting their broader applicability in certain situations.

Sensor Invariant Atmospheric Correction (SIAC): Unlike traditional empirical approaches,
SIAC (Yin et al., 2019) employs a data fusion method for atmospheric correction of satellite
imagery, incorporating uncertainty information from multiple data sources. It leverages the
high temporal resolution of MODIS observations to obtain a BRDF (Bidirectional Reflectance
Distribution Function) description of the Earth's surface as prior information on surface
properties. Additionally, it uses ECMWF CAMS Near-real-time data as prior information on
atmospheric states to achieve optimal estimations of atmospheric parameters. The SIAC
algorithm is implemented in Python and has been successfully tested with data from Sentinel-
2, Landsat-8, Landsat-5, Sentinel-3, and MODIS, demonstrating its capability to correct

atmospheric effects effectively.

Sen2Cor (Main-Knorn et al., 2017) is a processing tool for generating and formatting Sentinel-
2 Level 2A products. It performs atmospheric, terrain, and cirrus corrections on Level 1C Top-
of-Atmosphere (TOA) input data. The processor generates bottom-of-atmosphere (BOA)
reflectance images, optionally corrected for terrain and cirrus effects. Additionally, it produces
outputs such as Aerosol Optical Thickness, Water Vapor content, Scene Classification Maps,
and Quality Indicators for cloud and snow probabilities. The output product maintains the Level
1C User Product format, consisting of JPEG 2000 images at three spatial resolutions: 60 m, 20

m, and 10 m.
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2.3.2. Microwave Remote Sensing

Sentinel-1A is an active microwave imaging radar. Sentinel is a family of satellites built by the
ESA to meet the needs of the EU Copernicus program. To date, Copernicus is the world's most
extensive Earth observation program. Satellite-1 constellation is formed by two identical
satellites- Sentinel-1A and Sentinel-1B: The same orbit, phased at 180° to each other. The
constellation allows a repeat cycle of 6 days or 12 days over meditaranium, the North coast of
Africa, and part of Antarctica. The satellite acquires data in imaging modes with swath and

resolution given in Table 2.1.

Table 2.1: Sentinel-1 acquisition modes, products of mode, and Spatial resolution/Swath

Acquisition Modes Products of Modes Spatial Resolution/Swath
Strip map Mode (SM) Level-0 Raw 5x5 m/ 80 km
Interferometric Wide Swath (IW)  Level-1SLC 5%20 m/ 250 km

Extra-wide Swath Level-1 GRD 25x100 m (5%20 m) / 400 km
Wave Mode Level-2 OCN 20%20 m /100 km

SAR data processing, exemplified by systems such as Sentinel-1, has become a pivotal
advancement in remote sensing, offering high-resolution imaging of the Earth's surface
regardless of weather conditions or lighting. SAR technology utilizes sophisticated
computational methods to convert raw radar signals into meaningful information, supporting
various applications, including environmental monitoring, urban development, disaster
management, and agricultural analysis. A key advantage of SAR lies in its ability to penetrate
cloud cover and operate effectively during nighttime, distinguishing it from optical imaging
systems and underscoring its importance in continuous monitoring and surveillance. The
processing of SAR data involves several systematic steps, including data preparation,
preprocessing, and advanced analytical techniques. These processes are designed to enhance
image quality and geolocation accuracy, ensuring the data can be effectively analyzed. The
Sentinel Application Platform (SNAP) is a fundamental component of SAR data processing
workflows, particularly for Sentinel-1, as it systematically enhances data quality and usability.
Its advanced features, including batch processing and efficient memory management, facilitate
effective handling of the large data volumes produced by SAR systems, establishing it as an

essential tool in remote sensing applications.

The preprocessing workflow generally comprises a few critical steps to reduce error

propagation and enhance data integrity.
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Apply Orbit File (AOF): Accurate geolocation is critical for SAR data analysis. The AOF
operator downloads updated metadata that enhances the precision of the initial downloaded

orbit files. This step should be prioritized to ensure optimal results in subsequent processes

Speckle Filtering: Radar images often suffer from noise known as speckle, which can obscure
relevant features. Speckle filtering techniques are employed early in the processing chain to
enhance image quality and prevent speckles from affecting later operations such as terrain
correction and decibel conversion. Various filtering methods are available, including Boxcar,
Median, Frost, Gamma Map, Lee, and Refined Lee filters, with the latter being noted for its

ability to preserve critical image details.

Terrain Correction: SAR images captured at varying angles may exhibit geometric
distortions. Terrain correction methods, such as Range Doppler correction, are applied to align
the image geometry with real-world coordinates. This step utilizes a digital elevation model
(DEM) to accurately adjust the pixel locations in the image, thereby compensating for

topographic effects like foreshortening and shadowing.

Calibration: This step converts digital pixel values into radiometrically calibrated backscatter
values. The calibration process involves applying a constant offset and range-dependent gain

to the image intensity values, allowing for a more accurate representation of the radar signal.

Conversion to Decibels: The pixel values are converted to a logarithmic scale, specifically
decibels (dB), to improve visualization and analysis. This transformation stretches the radar
backscatter values into a range approximating a Gaussian distribution, facilitating better data

interpretability.

However, the preprocessing steps and techniques can vary considerably based on the specific
goals and needs of the application. The variability comes from the wide range of fields where
Synthetic Aperture Radar (SAR) data is used. These include environmental monitoring,
agriculture, urban planning, disaster management, and climate studies. Each field requires

specific processing methods to optimize the data for its analysis.

2.4. Inversion Models for Snow Geophysical Properties

Inversion models for snow geophysical properties are mathematical tools designed to interpret
data on snow characteristics, including density, grain type, liquid water content, etc. These
models are essential in environmental science, providing insights into snowpack dynamics.

They also enhance understanding of hydrological processes, predicting avalanches, and

21
TH-3727_196104014



assessing the impacts of global warming on snow and ice systems (Lehning et al., 2004; Riicker
et al., 2019; Shea et al., 2021). Classical models focus on deterministic solutions based on the
best fit to observed data, while advanced methods offer probabilistic insights, such as Bayesian
models, which incorporate prior knowledge and uncertainty (Ismail-Zadeh et al., 2023; Wilder
et al., 2024). Inversion models face challenges related to data quality, computational
complexity, and the variability of snow properties influenced by environmental factors.
Measurement errors and the dynamic nature of snow metamorphism further complicate

accurate modeling.

Integrating data assimilation techniques and advanced remote sensing technologies is essential
to improve the reliability of these models (Liu et al., 2022; Quéno et al., 2023). Overall,
inversion models are fundamental for advancing the scientific understanding of snow
geophysical properties. They play a critical role in meteorology, hydrology, and climate science
(Durand et al., 1993; Krinner et al., 2018; Donahue et al., 2022). Ongoing advancements in
these models are essential for addressing the challenges of changing climatic conditions and

their impact on snowpack stability and hydrological processes.

The following table (Table 2.2) presents a summarized list of methods to streamline the
complexity of various inversion models. These methods, referenced from existing literature,

focus on estimating snow geophysical parameters using optical and microwave datasets.
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Table 2.2: Techniques for characterizing snow cover using optical and microwave remote sensing methods.

TH-3727_196104014

Sl. No. Methods SCA/SGP, Sensor, resolution Approach/Formulae Remarks
01 Shi and Dozier (1997) SCA, SIR-C/X-SAR, 30 m Coherence and backscattering measurements Investigation of interferometric coherence quantities
02 Shi, Hensley, and Dozier SCA SIR-C SAR, 30 m Classification approaches for discriminating dry !ntegratlgn of Digital .Elevatlon Model (DEM)
(2000) from wet snow information for mapping seasonal snow
Investigating backscatter variation in multi- The studv examines the impact of varving look
03 Nagler and Rott (2000) Wet snow, ERS-1,30m temporal SAR Datasets for mapping wet snow y P Y g_
e ver angles on the accuracy of wet snow mapping.
Estimation of the snow-covered area utilizin Evaluation of fully polarimetric L-band data for
04 Singh et al. (2014). SCA, ALOS-PALSAR-2,6 m . . g classifying snow-covered and snow-free areas.
scattering mechanism models
Building on the methodology proposed by Nagler . .
- . g ayp . P y g A straightforward approach with challenges related to
05 Varade, Dikshit, and Dry/wet snow, Sentinel-1 and et al. (2016) for wet snow mapping, dry snow is sensor svnerav and limited anplicability under cloud
Manickam (2019) Sentinel-2, 20 m identified from the snow-covered area (SCA) using Y d gy PP y
. cover conditions.
multispectral data.
Investigations indicate discrepancies in snow cover
. estimations between Sentinel-1, which tends to
. ; This study adopts the methodology of Nagler et al. . . .
Wet snow, Sentinel-1and Sentinel-2, . . . underestimate, and Sentinel-2, particularly over
06 Karbou et al. (2021). (2016) to examine the impact of terrain parameters . o -
20m on snow distribution forests and glaciers. For monitoring wet snow in the
' French Alps, ascending and descending Sentinel-1
passes provide complementary observations.
Varade and Dikshit, Snow liquid water content, This study adopts NIR-NDSI feature space using A s_trong correlathn Was observe_d between_ the model
o7 (2018) Sentinel-2, 20m B8A reflectance in the NIR spectrum estigaates and the in-situ data, with a coefficient of
' P . determination of 0.94 and an error of 0.535.
A strong agreement was found between the modeled
Varade and Dikshit, Snow liquid water content, density, This study adopts NIR-NDSI feature space using anq m_easured param_e t_e fs under wet S_”°V_V conditions,
08 (2018) and dielectric, Sentinel-2, 20m B8A reflectance in the NIR spectrum as indicated by coefficients of determination of 0.968,
' ' P ' 0.521, and 0.969 for snow wetness, density, and
fundamental part of permittivity, respectively.
[ . . The results demonstrate a positive correlation
. . . The inversion of snow water equivalent at C-band . _
09 Arslan et al. (1999) SWE, Multifrequency polarimetric W between the backscattering coefficient and snow
' EMISAR data at C-band, 5m - water equivalent across all polarizations in the C-
polarization
band.
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Sl. No. Methods SCA/SGP, Sensor, resolution Approach/Formulae Remarks
The algorithm introduces a novel generalized
. . . . The mean absolute error, root mean square error, and
. Snowpack density, fully hybrid decomposition model. The generalized . .
Gulab Singh et al. R 1 . . index of agreement for snowpack density were 9.9
10 polarimetric TerraSSAR-X SAR volume scattering parameter derived from this .
(2017) LM : ’ L kg/m3, 10 kg/m?, and 0.96, respectively. These values
datasets, 3m model is utilized for the inversion-based estimation -
. fall within the acceptable range for accuracy.
of snow density.
.. ) This study employs a Physical Optics Model Field measurements indicated that snow wetness
Snow wetness estimation using - . . . L
. . L . (POM)-based inversion model for surface estimates derived from ASAR data exhibited a
Gulab Singh et al. snow dielectric inversion, g . . . - - -
11 il scattering. The POM-based inversion provides correlation coefficient 0.8 at a 95% confidence
(2006) ENIVISAT-ASAR dual polarization f ; i .
permittivity values, which can subsequently be interval. The observed snow wetness varied between
(HH and V) data, 10m :
used to estimate snow wetness. 0% and 15% by volume.
This study developed a novel spectral index, the A k-fold cross-validation analysis yielded a
Snow Surface Wetness Index (SSWI), using the coefficient of determination of 0.7 and a Root Mean
. BioSNICAR radiative transfer model. The SSWI1is | Square Error of 3%, highlighting the effectiveness of
12 | Ravasio et al. (2024) Snow wetness, PRISMA, 30m . : d 07 576, NIGNTIGNTINg ™he
calculated by determining the continuum-removed | the proposed index in retrieving liquid water content
area of the absorption feature at 1030 nm and (LWC) from field measurements and mapping LWC
normalizing it to the absorption depth at 1025 nm. using PRISMA data.
. Snow grain sizes were retrieved using various ] A .
Snow albedo and effective snow This method is highly effective for clean, dry snow
= . models based on the ART theory. The two-channel . gnly . . y '
grain size, ASD spectroradiometer L ; paa . such as those in the upper Himalayan region.
; model, utilizing one band in the visible region and : LT
. in the spectral wavelength range of . . However, its application is limited in the lower and
13 Negi et al. (2011) . another in the NIR region, demonstrated strong A . -
350nm-2500nm with 3nm spectral . middle Himalayas, where older snow often exhibits
. performance for Himalayan seasonal snow and
resolution in VIR and 10nm . . L low reflectance values (<20%) at the 1.24 pm
. . showed consistency with temporal variations in . . .
spectral resolution at SWIR region OFain oize wavelength, rendering the ART theory inapplicable.
Snow Dielectric, wetness, and . .
. ' ' . . ) SAR-based inversion models were employed to
density (RISAT)-1 C-band SAR SAR-based inversion models were used to find wet estimate the dielectric constants of Wetpangj/ drv snow
14 Thakur et al. (2017) data, Resources at 1/2, SRTM-X30 | and dry snow dielectric constant, dry and wet SCA, snow-covered area (SCA) for wet and dr con)(/jitions,
DEM, ASTER GDEM, MODIS and | snow wetness, and snow density. . y '
snow wetness, and snow density.
Landsat data
. . ey Thi indi hat hyper ral n
The study revealed that increasing contamination . §study d cates that hype _spect al data c_a _be
utilized to estimate the proportion of snow within
L . reduces snow reflectance across all wavelengths, . . - .
. . Snow contamination, ASD's ) L ; mixed pixels. The findings enhance existing
Negi, Kulkarni, and . . with the most significant decrease observed in the - .
15 . (Analytical Spectral Devices, 1999) N, . Normalized Difference Snow Index (NDSI)-based
Singh, (2006) . . visible region. Furthermore, the reflectance peak . . .
Field Pro FR Spectroradiometer. . algorithms for snow cover monitoring and facilitate
shifts towards longer wavelengths as the level of .
L the development of new algorithms when
contamination increases. - -
hyperspectral data is accessible.
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Sl. No. Methods SCA/SGP, Sensor, resolution Approach/Formulae Remarks
Sentinel-1 snow depth retrievals demonstrate strong
The snow depith retrieval algorithm assumes that cgrrelatlons with reglonal_ model simulations and in
increased signal depolarization and stronger cross- situ measurements, especially under dry snow
. Snow depth, Sentinel-1 backscatter L g . P . g conditions at resolutions of 500 m and 1 km, with a
16 Lievens et al., 2022 . polarized scattering, influenced by snowpack :

observations, European Alps . - . ; Pearson correlation of 0.89 and mean absolute errors

characteristics and interactions, directly correlate .
. of 20%-30% for snow depths of 1.5-3 m, while

with snow depth. . s L
higher uncertainties arise in wet, shallow, or forested
regions.

This study demonstrates that integrating satellite

backscatter measurements with social media data, Adding variables like social media indices and

particularly from platforms like Twitter, temperature or temporal factors into snow depth

. Sentinel 1 image and Twitter data, significantly enhances snow depth estimation estimation models significantly enhances accuracy.
17 Mantsis et al., 2020 . . . . .

Finland accuracy by leveraging regression analysis to Model 4 achieves the lowest MSE (47.11 and 54.98
reduce bias and noise, with citizen-generated cm) for both areas, demonstrating its superior
multimodal data acting as a critical component for predictive capability.
model refinement.

The coefficient of determination (R?) for the DpRSE
. . . h hed 0.66, i 26.9 %
this study was to develop a dual-polarimetric radar met odsegched 0.66 representlng a .6 S "
snow depth estimation (DpRSE) methodological improvement over the cross-polarization ratio
18 Feng et al., 2024 Snow Depth, Sentinel-1, PoISAR P . P . g method. Moreover, the mean absolute error (MAE)
framework that utilizes Sentinel-1 data for snow .
. . L . decreased by 20 %. This study offers a novel SAR
depth retrieval in the Scandinavian Mountains ;i ; . -
snow depth retrieval perspective utilizing polarization
information.
The estimated snow depth for both dates (21 January
2015 and 22 January 2015) shows a precise
correlation with the ground datasets. The rise in
This study works on the development of a model retrieved snow-depth value from 0.84 m to
Polarimetric SAR Interferometry (PolInSAR) based | 1.24 m is observed during the period. The retrieved
19 Awasthi etal. 2021 Snow Depth, TerraSAR- modeling approach for snow-depth estimation results were validated using the ground data of snow
! X/TanDEM-X, PolInSAR using TerraSAR-X/TanDEM-X datasets acquired in | depth from the Automatic Weather Station (AWS) of
the pursuit monostatic mode (temporal baseline = Snow and Avalanche Study Establishment (SASE),
10 seconds). Defence Research and Development Organization
(DRDO), and Indian Institute of Remote Sensing
(IRS) installed in the Dhundi region of the study area
for exact dates.
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Sl. No.

Methods

SCAJSGP, Sensor, resolution

Approach/Formulae

Remarks

20 Varade et al., 2020

Snow Depth, Sentinel-1, DINSAR,
10m

This study demonstrates an improved approach for
snow depth estimation in the Indian Himalayas
using Sentinel-1 dual-polarimetric SAR data, where
bias corrections for snow phase and residual errors
significantly enhance accuracy, achieving a
coefficient of determination of 0.628, with an ~0.4
improvement over conventional methods.

An improvement of above 0.4 in the R? coefficient
and 1 cm in the RMSE was observed in the proposed
snow depth estimates concerning those derived using
the conventional method. It is worth mentioning that,
with the availability of a higher quality DEM, an
improvement in accuracy is possible.
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2.5. Research Gaps

The key gaps and research opportunities in estimating snow geophysical parameters (SGPs),

particularly in

each point:

challenging regions like India’s Eastern Himalayas. Here is an explanation of

1. Limited Research on Inversion Models for SGPs Estimation:

(0]

SGPs such as density, dielectric constant, and wetness are crucial for
understanding snowmelt dynamics and assessing hazards like avalanches and
floods.

Despite their importance, minimal research has focused on developing inversion
models tailored for SGP estimation in snowmelt-prone and hazard-prone
regions.

This gap is particularly significant for regions like the Eastern Himalayas, where
the challenging terrain and frequent climate-induced hazards demand advanced
modeling tools.

2. Need for Novel Inversion Models Using SAR Polarimetry and Interferometry:

O

SAR polarimetry and SAR interferometry (INSAR) are promising techniques
for retrieving SGPs, as they provide valuable information about snow and ice's
physical and structural properties.

In cloud-prone, high-altitude regions, optical sensors face limitations due to
poor visibility. SAR, which operates independently of cloud cover and daylight,
can provide year-round data.

Developing novel inversion models that leverage SAR polarimetric and
interferometric data is essential to estimate SGPs accurately and consistently in
these regions.

3. Study of Snow Impurity Using SAR:

o

Snow contamination (e.g., by dust, soot, or pollutants) alters snow's physical
and dielectric properties, impacting its reflectance and backscatter
characteristics.

Sentinel-1 C-band SAR data, which operates in the microwave range of the
electromagnetic spectrum, is particularly well-suited for snow studies, as it
penetrates snow and ice layers better than visible or infrared sensors.

Further research is needed to understand how snow contamination affects SAR
backscatter, enabling more accurate retrieval of SGPs under varying
environmental conditions.

Addressing these research gaps through advanced SAR-based models and techniques will

improve the understanding and monitoring of SGPs in the Eastern Himalayas. This will

enhance the region's capacity for hazard prediction, water resource management, and climate

resilience planning.
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3

INVERSION MODELING FOR SNOW GRAIN SIZE

Snow grain size is a fundamental property of snow and is directly proportional to its surface
area. The snowpack's stability has often been investigated in snow avalanches using data from
the size and shape of the snow grains. The spatial and temporal change in the snow grain size
can help characterize the snowpack's thermal state and estimate the temporal and spatial
distribution of snowmelt. The grain size of snow becomes coarser with melting and shows

lower spectral albedo.

This chapter presents a case study on developing an inversion model for snow grain size,
focusing on the South Lhonak glacier region following a flash flood event on October 4, 2023.
Snow grain size mapping was performed using recent PRISMA hyperspectral data acquired on
October 8, 2023, by the Italian Space Agency. The mapping utilized the spectral information
divergence method, with the Johns Hopkins University (JHU) spectral library for snow grain
size as an input endmember. In the absence of in-situ measurements, the absorption band area
method, which quantifies the energy absorbed by snow/ice particles, was employed to validate

the mapped snow grain sizes.

3.1. Introduction

Estimating snow grain size is crucial for understanding and monitoring the Earth's radiation
balance, particularly in the context of the cryosphere (Jin et al., 2008). The size of snow grains
plays a key role in determining snow albedo, impacting the reflection of sunlight by the snow-
covered surface (Marshall and Oglesby, 1994; Gelman Constantin et al., 2020). The snow grain
size, which represents the course of snow metamorphism, has been identified as one of the most
valuable snow physical parameters (Singh et al., 2022). Snowpack stability has frequently been
examined in snow avalanches utilizing information derived from snow grain size and snow
shape (Schweizer et al., 2003). Due to the rough topography of the Himalayas, many
geophysical parameters are poorly sampled. As a result, developing sophisticated remote
sensing techniques is critical for obtaining timely information on the spatiotemporal variability
of snow cover and snow grain size (Awasthi and Varade, 2021). According to IAHS
International Classification for Seasonal Snow on the Ground (Colbeck, 1985), the observer
should select a homogenous snow mass and record the mean size of its predominant grains with

a focus on measuring the diameter of the grain being its grain size (measured in
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millimeters). Although this approach might work well for field research, in the case of remote
sensing-based research characterizing the average snow grain size over wide regions is
necessary (Armstrong et al., 1993). Surface feature extraction and mapping based on spectral
signatures are popular hyperspectral remote sensing applications (Varade et al., 2019). Snow
surface features such as snow grain size, snow wetness, and snow albedo have all been studied
using hyperspectral remote sensing (Dozier and Painter, 2004). The hyperspectral images and
advancements in radiometric asymptotic models have led to the emergence of more precise
snow grain size inversion models (Fair, 2021; Fair et al., 2022). Negi and Kokhanovsky (2011)
used Hyperion sensor data to retrieve snow grain size and spectral albedo (planar and spherical
albedo) for the western Himalayan snow cover. In contrast, Singh et al. (2022) employed
PRISMA (PRecursore IperSpettrale dells Missione Applicativa, or Hyperspectral Precursor of
the Application Mission) data. They used a semi-automatic way to estimate snow grain size,
such as the Spectral Angle Mapper (SAM) classification, and the findings were compared with
the snow grain size index method using a decision tree algorithm. Such inversion techniques
depend on the absolute magnitude of the reflected radiance and, therefore, are sensitive to
topography. Unlike SAM, spectral information divergence (SID) treats each pixel spectrum as
a random variable. Then, it calculates the difference in probabilistic characteristics between
two spectra. Spectral Angle Mapper (SAM) derives geometric information from two spectra
(Chang, 1999). SID can be used to explain the statistics of a spectrum and is derived from the
idea of divergence that appears in information theory. Nolin and Dozier (1993) show an
inversion method for snow grain size called the absorption band area method, which is hardly
affected by topographic error, solar illumination angle, and noise (Nolin and Dozier, 1993).
The physical sense of this method is that the absorption feature is directly proportional to the

amount of energy absorbed by the ice particles over that spectral region.

In this research, SID is used to map snow grain size, and then the absorption band area method
is utilized to validate the trend of energy absorbed by each snow grain size. The grain size
mapping method is applied to PRISMA data using the JHU snow spectral library. The South
Lhonak glacial lake region is the study area due to the recent GLOF. October 4, 2023, marks a
significant event in Sikkim. A severe flash flood generated by a fast and intense rainfall event
over South Lhonak Lake in North Sikkim has wreaked havoc in the northeastern state, causing
substantial damage and loss (Rawat, 2023). This study addresses the snow grain size mapping
for the South Lhonak Glacier region following a major natural disaster, which is pertinent and

timely. It highlights the advancements in remote sensing technologies for snow research using
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hyperspectral data from PRISMA level 2 (Bottom of the Atmosphere Reflectance). In the lack
of in-situ data, this study sheds light on the possible use of snow grain size mapping to evaluate

snowpack conditions and dangers.

3.2. Study Area
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Figure 3.1. The study area is South Lhonak Lake in North Sikkim, India. The star mark shows the location of the
glacial lake, and the lake imagery is at the bottom of the image.
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South Lhonak Lake (SLL) (27°54'43.63"N and 88°11'37.06"E) is a moraine-dammed glacial
lake located in the north district of Sikkim, India. The lake is east-to-west elongated and
situated at the tongue of South Lhonak glacier at an elevation of 5200 mean sea level in the
Lhonak valley. The headwaters of the valley are formed by the valley glaciers, viz. South
Lhonak glacier, North Lhonak glacier, and Lhonak glacier (Sharma et al., 2018).

3.3. Data and Methodology

PRISMA, an Italian Space Agency (Agenzia Spaziale Italiana: ASI) hyperspectral satellite
sensor, was sent into orbit on March 22, 2019, and has been used to investigate snow grain size
measurement. PRISMA is a single satellite sensor with a repetition cycle of roughly 29 days in
a sun-synchronous Low Earth Orbit (620 km altitude). Push broom sensors with 240 contiguous
spectral bands (400-2500 nm wavelength region), 66 bands in the Visible Near Infrared
(VNIR) range, and 173 bands in the Shortwave Infrared (SWIR) range comprise the PRISMA
hyperspectral payload. These sensors have a coherent spectral resolution of about 12 nm narrow
bandwidth and 30 m spatial resolution on a 30 km swath width. PRISMA L2D product type
acquired on 8th October 2023 is used for this study, which can be directly downloaded from
the PRISMA website (https://prisma.asi.it). The L2D product of PRISMA is geocoding
(orthorectification) of atmospheric correction and geolocation of the L1 product (bottom-of-
atmosphere reflectance, including aerosol optical thickness and water vapor map). The grain

size of the JHU snow spectral library is shown in Table 3.1.

Table 3.1. Frost and Snow grain size. The mentioned grain size is the dimension of radius at snow density 250

kg/m3
Snow Grain Type Grain Size
Frost 50 to 100 pm
Fine Grain Snow 200 pm
Medium Grain Snow 500 um
Coarse Grain Snow 1 mm

This method requires a hypercube (PRISMA Hypercube) along with endmembers. The JHU
snow spectral library is taken as endmembers. Before snow grain size mapping, the JHU snow
endmembers (~0.01nm) are scaled to PRISMA satellite spectral resolution (~12nm) using a

spline interpolation technique.

After mapping snow grain size, the corresponding energy absorbed by each grain size is
estimated using the absorption band area method shown in Eq.3.1. The absorption band area

utilizes the fact that both liquid water and ice have absorption features around 1 pum in the
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spectral region (Nolin and Dozier, 2000). The noise-induced fluctuations are averaged by
integrating the absorption feature, yielding a precise estimate near the actual value (Nolin and
Dozier, 2000).

Ap=[R=Re (3.1) (Nolin and Dozier, 2000)

Where Ay is the absorption band area, R» is the reflectance spectrum and R. is the continuum
removed spectrum. The equation within integration is called scaled band depth. The energy
absorption by mapped snow grain size and JHU snow endmembers are compared to see the
trend among the above-mentioned snow grain size (Table 3.1). In the absence of in-situ snow
spectra, this absorption band area method is chosen as a validation technique, taking JHU snow

grain size spectra as reference data.

3.4. Results and Discussion

The spatial subset of PRISMA hyperspectral data has been done before grain size mapping to
focus on the study area. The NDSI threshold for snow cover is 0.4, generally taken in the
literature (Marshall and Oglesby, 1994; Awasthi and Varade, 2021). The snow grain size
mapping was done using the SID method in MATLAB. The default value of 0.05 is taken as
the threshold of SID-based snow grain size classification (Fig.3.2). The SID-based
classification shows that the majority of snow grains in the studied area had coarse and medium

grain sizes, with much less frost and fine grain size present in comparison.

Due to the unavailability of in-situ measurement of snow grain size, the absorption band area
(Apr) method is employed to validate these snow grain size mapping. The Axtrend of mapped
snow grain size is also compared with their corresponding A values of the JHU snow spectral
library. An inverse relationship exists between snow reflectance and grain size (Singh et al.,
2022), also evident in Fig.3.3(a). The coarse-grain size snow has the lowest reflectance, while
the frost has the maximum reflectance. When the grain radius rises, the reflectance spectrum
(Fig.3.3(a)) and continuum removed reflectance (Fig.3.3(b-e)) both drop, while the scaled area
(Fig.3.3(f)) of the absorption feature grows with the grain size, which is correlated with the
absorption efficiency. In other words, a change in the grain size helps to identify the surface
features of snow, such as melt area and snowpack energy balance. When the absorption depths
for each grain size were investigated using continuum removed (Fig.3.3(b-e)), it was observed

that apart from the 1.03 pum spectral region, there are two more prominent absorption depths
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near 1.5 um and 2 um. However, these two new wavelength regions are susceptible to water

vapor and carbon dioxide absorption, so they are excluded from grain size mapping.

el

Coarse:61

Figure 3.2. Snow grain size mapping using the SID method. The yellow color is overlaid on the true RGB
composite PRISMA data. Fine granular snow-6%, Frost-2%, Medium granular snow-31%, Coarse Granular
snow-61%.

The scaled band depth (Fig.3.3(f)) for each snow grain size is used in Eq.3.1, and the
corresponding wavelength is selected based on the shoulders (Nolin and Stroeve, 1997) of the
absorption features at 1.03um from Fig.3.3(b-€)). The absorption band area in Eq.3.1 for each
snow grain size is calculated using the trapezoidal rule. The Ap value of the JHU spectral library
shown in Fig.3.4 shows that energy absorption increases with increasing grain size. A similar

trend can also be observed for the mapped snow grain size in Fig.3.4.
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Figure 3.3. (a)-JHU Library Spectra at Satellite resolution; (b) to (e)-continuum removed spectra of fine granular,
frost, medium granular, and coarse granular snow, whose y-axis is the continuum removed spectra (absorption)
and x-axis is the wavelength (0.41um-2.5um); (f)- the scaled absorption depth of the snow grain size as mentioned
in (a), whose y-axis is scaled band values and x-axis is the wavelength(0.41um-2.5um); The vertical line parallel
to y-axis is at a wavelength equal to 1.03um.
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Figure 3.4. The boxplot of the absorption band area for each snow grain size. The marked values show the JHU
snow spectral energy absorbed by each snow granular and Frost.

The underlying snow should have been exposed to the surface following the GLOF occurrence,
and this snow's grain size should generally be considered coarse-grained, as this analysis's
surface layer demonstrates. The spectroradiometer field study should be conducted to validate
the modeled snow grain size; however, the tragic incident on October 4, 2023, raises some

concerns. Grain size variation aids in determining snow's surface characteristics, including melt
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area and snowpack energy balance (Nolin and Stroeve, 1997), which agrees with the Himalayan
field circumstances in October (when there is snow ablation), and is consistent with this

observation.

3.5. Conclusion

The snow grain size mapping for the South Lhonak glacial lake region has been studied using
PRISMA hyperspectral L2D. The spatial subset of the hyperspectral data has been confined to
the study area. The SID method utilizing PRISMA and JHU snow spectral library for fine, frost,
medium, and coarse granular snow has been employed for snow grain size mapping. To
characterize the snow's surface characteristics, including melt area and snowpack energy
balance, the absorption band area method is applied to map snow grain size. The wavelength
region centered at 1.03um is suitable for understanding the grain size of the snowpack. The
energy absorbed by the mapped snow grain size is consistent with JHU snow grain size spectra

and Himalayan field circumstances of melting in the ablation period of October.
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4

INVERSION MODEL FOR SNOW DIELECTRIC,
DENSITY, AND WETNESS

The geophysical properties of snow are essential to studying the snow/glacier system and can
be used as an indicator for any related hazard. This study attempts to model the geophysical
properties of snow, such as dielectric, density, and wetness, using the Sentinel-1 and PRISMA
Hyperspectral datasets. The inversion model was developed utilizing datasets for two distinct
glacial regions in Sikkim Himalaya, India.

4.1. Introduction

Snow and ice-based precipitation are the primary sources of mass for glacier systems. The
important geophysical parameters of snow, like dielectric constant, density, and liquid water
content, play a vital role in avalanche studies, hydrological modeling, and flood monitoring
(Manickam et al., 2016). Studying snow geophysical parameters demands the continuous
monitoring of snowfall and snowpack characteristics (Jonas et al., 2009). This requires in-situ
measurements, which are necessary to evolve a robust model for estimating snow parameters
(Foster et al., 1984; Konig et al., 2001; Rees, 2005; Negi et al., 2015). Though in-situ
measurements are challenging and expensive in hilly terrains. This results in the exploitation
of remote sensing datasets for retrieving the geophysical parameters of snow (Dozier and
Marks,1987; Lenormand et al., 2002; Dietz et al., 2011; Lei and Siqueira, 2015; Dumont and
Gascoin, 2016; Thakur et al., 2017; Varade and Dikshit, 2019; Varade et al., 2020; Varade and
Dikshit, 2020). The higher altitude snow-covered regions have cloud coverage around the year;
thus, optical remote sensing datasets have limitations in such studies (Dozier and Painter,
2004). However, microwave remote sensing has been widely exploited to retrieve snow
attributes (Landes et al., 2007; Du et al., 2010). Synthetic Aperture Radar (SAR) data is now
accessible in a variety of bands, including X-band (TerraSAR-X, COSMO-SkyMe), L-band
(ALOS-2), and C-band (Sentinel-1) (Baghdadi et al.,, 2016). SAR polarimetry may
considerably improve the data quality compared to conventional single-channel SAR. This
improvement is due to polarimetric SAR's quantitative ability to scatter mechanisms. The SAR
Polarimetry technique has been successfully used in estimating the snow dielectric (Frolov and
Ya, 1999; Hajnsek et al., 2003; Singh et al., 2017; Varade et al., 2020), water content (SWC)
(Patil et al., 2020; Ma et al., 2020), and density (Singh et al., 2017; Varade et al., 2019). For
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estimating snow dielectric, density, and liquid water content (LWC), several inversion models
have been constructed utilizing dual co-polarized and quad-pol SAR data (Manickam et al.,
2016; Snehmani et al., 2010; Thakur et al., 2012; Surendar et al., 2015). Such SAR data utilizes
either the backscattering ratio or full-polarimetric SAR decomposition techniques. Unlike these
SAR data, Sentinel-1 cannot utilize such techniques because it measures only a column of the
scattering matrix for each pixel (VH and VV). However, Mascolo et al. (2021) recently
proposed a model-based decomposition for dual-pol data like Sentinel-1. They formed the basis
for our novel inversion model, further discussed in detail in the methodology section.

To study the physical parameters of snow, we have selected a region in the Indian Himalayas.
The area of the Indian Himalayas (which ranges from west to east) has a considerable amount
of snow-covered area with varying levels of glaciation, providing freshwater reservoirs (Singh
et al., 2006). The state of Sikkim is located in the Eastern Indian Himalayan Region. The
Sikkim Himalayas have continuous snow precipitation patterns in the higher altitudes from
February through the end of May, in contrast to the Western Himalayas, where snow areal
extent exhibits a falling tendency from March onwards (Kulkarni et al., 2010). Basnett et al.
(2012) studied snow-cover monitoring for the four years between 2004 and 2008. They found
that the Sikkim Himalayas have different snow accumulation and ablation (melt) patterns than
the Western Himalayas. The Himalayan region forms the catchment area of this state's snow-
fed Teesta River, which almost cuts through it from north to south. The snow cover in the
Sikkim Teesta basin has 251.22 sg. km of permanent snowfields (Bahuguna et al., 2001). The
river impacts the way of life of the Sikkimese and other ethnic groups and the economies of
Eastern India, some parts of West Bengal, and Bangladesh (Mukhopadya, 1982). The yearly
melting of snow cover is crucial for irrigation, hydropower, and adventure tourism. It is pretty
concerning that parts of the Himalayas have snow cover. Notably, the state of Sikkim is melting
and disappearing (Rai and Mukherjee, 2021), which results in dangerous glacier lakes in
Sikkim, India (Worni et al., 2013). Additional natural hazards, such as a snow avalanche that
follows an ice avalanche trajectory around some glacier lakes with a moraine barrier, might
cause floods in the downstream area as a result of lake outbursts (Worni et al., 2012; Vilimek
et al., 2014; Carrivick and Tweed, 2016; Emmer at al., 2016; Dubey and Goyal, 2020); also
East Rathong Glacier (RG) in West Sikkim has shrunk by 460 m between 1976 and 2009,
according to research by Luitel et al., (2012).

Recently, on October 4, 2023, the South Lhonak Glacial Lake outburst caused severe floods.

This caused significant damage and loss, particularly downstream in the Lachen and
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Chungthang regions. Due to such challenging field conditions and terrain, in-situ assessment
of snow geophysical parameters is impractical. To overcome this challenge, spaceborne
imaging spectroscopy emerged as an important tool for mapping snow characteristics.
Researchers have pointed to the possibility of using hyperspectral remote sensing to predict
snow geophysical parameters (Painter et al., 2013; Donahue et al., 2023; Ravasio et al., 2024).
Negi and Kokhanovsky (2011) retrieved the spectral albedo and snow grain size for the western
Himalayan snow cover using data from Hyperion sensors. PRISMA (PRecursore IperSpettrale
dells Missione Applicativa, or Hyperspectral Precursor of the Application Mission) data was
used by Singh et al. in 2022. Ravasio et al. (2024) have employed PRISMA data to retrieve

snow liquid water content in the Italian Alps.

Such comprehending variations in Sikkim's snow cover extent, glacier retreat, GLOFs, and
freshwater supply motivate us to study the snow geophysical parameters in this region.
Studying snow geophysical properties throughout Sikkim may be highly expensive and time-
consuming. So, East RG in West Sikkim is chosen as an appropriate test location based on the
resources, time, and logistics needed to perform the study. The snow cover study for Sikkim is
extensively covered in the research (Basnett et al., 2012; Rai and Mukherjee, 2021). To develop
a Sentinel-1-based inversion model for snow physical parameters estimation, we utilize
Sentinel-1-derived stokes parameters. Snow is a heterogeneous mixture of air, ice, and liquid
water. To characterize snow, it is important to understand the dielectric properties of the
mixture. Considering the above-mentioned points, the specific objectives of this study are to
1) propose a state-of-the-art inversion model to estimate the dielectric properties of snow based
on Sentinel-1 derived stokes parameters and 2) test the efficiency of the proposed novel

inversion model for the scene of the East RG, West Sikkim.

However, for the South Lhonak Glacier region, this study uses PRISMA data to estimate snow
geophysical parameters such as snow grain size, wetness, density, and dielectric. For snow
grain size mapping, the widely used spectral angle mapper (SAM) technique has been adopted
(Singh et al., 2022). The Johns Hopkins University (JHU) snow spectral library is used as a
reference spectral signature in the absence of in-situ snow spectra. Further, using the
normalized differenced snow index (NDSI) and the triangular/trapezoidal feature space created
using the Near-Infrared (NIR) band, the snow surface wetness is determined (Sadeghi et al.,
2017; Varade and Dikshit,2018). Using this approach, a least squares-based framework

incorporating state-of-the-art empirical models is then utilized to estimate the real part of the
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permittivity of snow based on the modeled snow LWC. A snow density estimate is obtained
using the deduced permittivity and estimated LWC.

4.2. Area of Study and Datasets
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Figure 4.1: Map indicating the study area and the locations of in-situ measurements
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The Sikkim Himalayas, which span an area of about 7096 km? and are located between latitudes
27° 00" 46" and 28° 07' 48" N and longitude 88° 00’ 58" and 88° 55’ 25" E, are the subject of
the current study (Fig. 4.1). It has a steep slope and rocky terrain covering 43% of its land,
especially in the state's northern region. The state is covered with roughly 35-40% snow during
summers (Singh and Venkataraman, 2009; Basnett et al., 2013).

A field investigation has been carried out from 2 — 8 April 2022 to measure the in-situ snow
properties. This investigation includes nearly 45 km of a one-way trek to reach the test site. It

starts from Yuksom and ends at Rathong Glacier, near the Himalayan Mountaineering Institute

(HMI) advance camp. The way to the test site and test site pictures can be seen in Fig. 4.2.

Figure 4.2: A: HMI base camp, location to stay near the Rathong Glacier, nearly 2 km away. The yellow line with
the arrow shows the path to Rathong Glacier. B: Old contaminated snow accumulated in the path to RG. C:
Moraine cover Glacier near RG

South Lhonak Lake (SLL) is a glacial lake dammed by moraine and located at 27°54'43.63"N
and 88°11'37.06" E (Fig. 4.3). The lake stretches from east to west and is located in the Lhonak
Valley at an elevation of 5200 mean sea level, at the foot of the South Lhonak glacier. The
valley's three glaciers—the South, North, and Lhonak glaciers—form the headwaters of the
valley—the investigation of the geometric changes in the lake between 2015 and 2023 using
C-band Sentinel-1 SAR datasets (Fig. 4.4). The lake's geometric information (length and areal
coverage) is acquired through a coupled automated manual delineation approach on the Google
Earth engine platform/ArcGIS software. Analyzing the backscatter information of Sentinel-1
datasets shows that the stretch of the lake has substantially increased by 575m (reaching up to
2.946 km) in 2023 before the outburst.
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Figure 4.3: The study area map indicates the location of South Lhonak Glacial Lake.
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Figure 4.4: Temporal variation of Sentinel-1 (VV) backscattering over the South Lhonak Lake from 2015 to
2023-AE (01 Oct-15 Oct 2023). The event was marked on 04th October 2023.

Its average annual expansion rate is 0.05 km? in the last 8 years (2015 to 2022). As mentioned
below, the lake volume (V) is calculated using the well-established empirical equation for
South Lhonak Lake using the lake area (A).

V = 0.0522 x A1766 gt RZ = 0.99 (Sharma et al., 2018)
Where, V: volume, 4: Area and R2: Coefficient of determination between V and 4

The average volume of water in the lake from 2015 till 2023 (before the GLOF) is observed to
be 102.4 million m3, which is 55.59% more than the lake volume in 2014-2016 (65.8 million
m?3). After the event, there is approximately a 79.44% decrease in the lake volume, a 59%
decrease in the lake area, and a 48.40% decrease in lake length. The most significant change in
the lake area is observed between 2020 and 2021 (Fig. 4.5).
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Figure 4.5: C1-Area (Hectare) of SLL from 2015 to 2023 AE; C2-Change in Area for the same time period.

4.3. Field Instrument

Snow dielectric, density, and wetness are measured using the Snow Fork instrument at an
altitude between 4500 and 5000 meters above the mean sea level. The measurement utilizes
the resonant frequency ranges from 0.5 — 1 GHz, density ranges 0 — 0.6 g/cm?, liquid water
content (LWC) ranges from 0 — 10%, dielectric constant ranges from 1 — 2.9 (Real) and 0 —
0.15 (Imaginary) with an accuracy of 0.02 and 0.002, respectively. Before starting actual in-
situ measurements, the snow fork is calibrated in the air, and the frequency 890.1 MHz (888 —
892 MHz), bandwidth 20.8 MHz (18-23), and attenuation 1799 (1600-3000) fall within the
prescribed ranges. To evaluate the modeled snow geophysical characteristics, field campaigns
that matched the test datasets were scheduled in April 2022 to gather in-situ measurements.
The in-situ measurements through the Snow fork have been considered reliable in determining
snow's physical properties (Tiuri et al., 1984; Varade et al., 2010). The snow's dielectric,
density, and moisture values were measured by placing the needle of a snow fork horizontally
in the snow pit. Typically, the measurement should be taken at a 2 cm interval in the vertical
direction. There were 11 different point measurements taken along the locations in the Rathong
Glacier Path (RGP) (see Fig. 4.1).
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4.4, Satellite Data

4.4.1. Rathong Glacier Region

The Sentinel-1A with descending pass acquired the data on 6 April 2022, while the field
measurements were performed on 7 April 2022. The level-1 SLC product of Sentinel-1A dual
polarimetric (VV/VH) Interferometric Wide (IW) swath mode C-band SAR dataset has been
accepted in this study. The C—band of Sentinel-1A has a 5.405 GHz central frequency. The
Sentinel Application Platform (SNAP) v8.0 has been used to pre-process the level-1 SLC
product following the instructions provided by Elkharrouba et al. (2022) (see Fig. 4.6).
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Figure 4.6: Flow chart of Sentinel-1 Pre-processing
4.1.2. South Lhonak Lake
PRISMA hyperspectral sensor was launched on March 22, 2019, by the Italian Space Agency

(ASI) with approximately 29 days repeating cycle. It provides 240 continuous spectral bands
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between 400-2500 nm wavelength region with 30 m spatial resolution. This study uses the
bottom-of-atmosphere reflectance data from PRISMA (L2D product) of October 8, 2023. The

snow grain sizes considered in this study are from the JHU snow spectral library (Table 4.1).

Table 4.1: Frost and Snow grain size. The mentioned grain size is the dimension of radius at snow density 250

kgim3
Snow Grain Type Grain Size
Frost 50 um to 100 pm
Fine Grain Snow 200 pm
Medium Grain Snow 500 pm
Coarse Grain Snow 1mm

4.5. Methodology

Method-1 (Rathong Glacier Region): The adopted processing for the stokes parameters
estimation includes orbital correction, radiometric calibration, splitting them into three sub-
swaths (IW1, IW2, IW3), burst removal for each sub-swath, and subsequently merging them
all. It is followed by covariance matrix production, multi-looking, speckle noise reduction,
terrain correction, and Stokes parameters (Raney, 2006). The Stokes parameters of the received
data contain all available polarimetric information (Raney, 2019). The formula to obtain Stokes
parameters and other parameters needed for the inversion model is discussed in the subsequent

sub-section.

4.5.1. Formulation of Dual-pol Stokes Vector

Sentinel-1 dual-pol SLC data, after applying the orbit file, undergoes radiometric calibration,
which is saved as complex output, in order to obtain a 2-element complex vector called
coherency matrix C2 (see Eq. 4.1) for each pixel in the image.

EHT Cll C12

1B B ]>=] T, 4.2)
EVT HT VT Cikz CZZ

c2=<]

Where subscript T is transmitted polarization of state

The Stokes vector (s) for a scattered wave is entirely determined from the C2 matrix as follows
(see Eq. 4.2-4.3)

s = [s1525354]T = [(c11 + c22) (c11 — c22) 2Re(c12) 2Im(c12)]T...... 4.2)

S1+S; 83 _j54]

C2=05*[ " = 7 T (4.3) (Lee and Pottier, 2017; Elkharrouba et al.,

S3+js4 S1—s2
2022)
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The mapping of the T3 matrix of quad-pol into the dual-pol Stokes vector is shown in Mascolo
et al. (2021) (see Eq. 4.4)

t11+ t22 + t33 + 2 cos(26) Re(t12)
<= 2 cos(20) Re(t12) * (t11 + cos(40) (t2z — t33)) covevvevennnn.
2 sin(260) Re(t12) * sin(40) (t22 — t33)
2sin(260) Im(t12)
Where t11, t22, t33 and t12 are the elements of the T3 matrix. Upper sign for H transit and lower

for V and 8 misalignment between radar coordinates (H or V) and the scene symmetric axis.

In quad-pol, under the assumption of reflection symmetry, the coherency matrix (Hajnsek et
al., 2003) is written as follows (see Eg. 4.5), and this matrix is used to map the dual-pol stokes

vector using the general mapping of reflection symmetry.

< |Rs + Rp|* > <(Rs—Rp)(Rs+Rp) > 0
[T1= < (Rs + R)(Rs — Rp) > < |Rs— Ryl? > 0r-eeeee (45)
0 0 0
Hence ti1 = |Rs + Rp|?, tzz = |Rs — Rp|%,and ts3 = 0. ......... (4.6)

Similarly, the mapped Stokes vector for the tilted Pauli phase (Mascolo et al., 2021) is as
follows
1 + cos(280) cos(2¢)

_ cos(20) cos(¢) £ 0.5 * (1 + cos(46))
~ sin(26) cos(¢p) £ 0.5 = (sin(46)) T

sin(20) sin(¢)

It also confirms that Eq.4.7 satisfies many natural media varying from forest to land-ice
(Hajnsek et al., 2021). To represent dual-pol stokes vector in terms of Rs and Rp (See Hajnsek
et al., 2003 for the representation of Rs and Ry in terms of complex permittivity and local
incidence angle), Eq.4.4 to Eq. 4.7 has been employed to develop the inversion model. It has
one transmitter for V polarization and two for V and H polarization receivers. Thus, in all

equations, we use the minus (-) sign, which is the upper sign for H transit and the lower for V.

After rearranging the system of equations in Eq. 4.7, 6 is found to be
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S1482) L. 4.8
6 = (0.5) * tan—! (54—53) “8)

Thus 8 value can be calculated using Eqg. 4.8 using dual-pol stokes vectors for Sentinel-1. Now
replacing 6 in Eq. 4.4 and rearranging Eq.4.4, we obtained our desired equations that we
proposed as a novel inversion model based on Sentinel-1 derived Stokes vector (see Eq. 4.9)

IR —R | (2+°1%2)
s p oS ..., (4.9)

|Rs+Rp|? 451+25s2+2s3c0t(26)

Thus Eq. 4.9 is independent of surface roughness and depends only on dielectric and local
incidence angle—a similar ratio on the LHS of Eq. 4.9 can be seen in Eq. 22 of Hajnsek et al.
(2003).

Hence, a new inversion model is formulated based on the Stokes parameters to obtain dielectric
values. The efficiency of this model was tested using the Sentinel-1-derived Stokes parameter.
The permittivity related to snow density is determined by Looyenga's equation (Eq. 4.10). The
earlier studies (Tiuri et al., 1984; Denoth, 1989, 1994; Kendra et al., 1994) state that LWC,
permittivity, and density are related in nature and are based on the linear mixing of the dry
snow dielectric constant pas with the rise in dielectric constant generated by LWC in the snow,

as shown in Eqgs. 4.11, 4.12, 4.13, and 4.14, respectively.

(') = 141.5995p5+1 861 pg3:rvrrwov (4.10)

&= Eds+ AEws.oooiiiiiiiinann... (4.12)

gds =1+ 1.7pas + 0.7pas? ...... (4.12)

Agws =0.187w + 0.0045w?, Aews =0.089w + 0.72w2, Aews = 0.206w + 0.0046w?2(4.13)
w = 5.35[es — (1 + 1.920d5)] ccvveorvenee.. (4.14)

Method-11 (South Lhonak Lake): The endmembers are the JHU Snow Spectral Library
(~0.01nm), resampled to the spectral resolution of PRISMA (~12nm) using spline
interpolation. The atmospherically corrected PRISMA hyperspectral cube is subjected to
dimensionality reduction to extract the most informative bands corresponding to the JHU snow

spectra.

R —R Green—SWIR..........ccoccevvvieiiiineiiiinannns
NDSI = £0.60—£2.01 — (415)
Ro.60tR2.01 Green+SWIR
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Where Rpgo and R;qqiS surface reflectance at a wavelength of 0.60um and 2.01um,
respectively. The snow grain size endmembers are obtained from the snow hypercube using
the Fast Iterative Pixel Purity Index (FIPPI).

The soil moisture assessment, the trapezoidal/triangular feature space based on the land surface
temperature (LST) or NIR reflectance, and the NDVI have been utilized extensively in the
literature (Sadeghi et al., 2017). The response of the near-surface snowpack can be studied
using spectral data in the visible and infrared bands in an integrated framework for monitoring
the LWC in the snowpack. The approach relies on the physical interaction between light and
snow, where snow properties such as grain size and liquid water content affect the spectral
reflectance observed in the electromagnetic spectrum's visible and near-infrared (NIR) regions.
Due to higher absorption of the incident light wave caused by the increased liquid water content
in the snow, wet snow has a considerably lower spectral reflectance in the visible and infrared
spectrum when compared to dry snow. Using a trapezoidal/triangular feature space (Fig. 4.7)
based on the NIR reflectance and the NDSI, the spectral reflectance's sensitivity to the liquid
water content in the snow is used to establish a framework for determining snow geophysical

parameters in this study.

NDSI-Reflectance Feature Space
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Figure 4.7: The X-axis represents the Normalized Difference Snow Index (NDSI), ranging from O to 1,
differentiating snow from non-snow surfaces. The Y-axis corresponds to near-infrared (NIR) reflectance and is
sensitive to snow grain size and liquid water content. Key regions include dry snow (high NDSI and
reflectance), wet snow (high NDSI but lower reflectance due to increased absorption from liquid water), snow-
free areas (low NDSI and reflectance), and mixed damp and dry snow (intermediate characteristics). The dry
and wet edges define the upper and lower reflectance limits for dry and wet snow. Pixel distribution within this
feature space reveals varying snowpack conditions, with clustering reflecting liquid water content levels. This
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approach enables differentiation between snow types and supports estimating parameters like snow wetness,
grain size, and surface conditions, which are critical for snowpack analysis and geophysical modeling

The NIR band sensitive to snow grain size is identified to be ~1.03um (Ravasio et al., 2024),
which is opted for snow surface wetness estimation. The modified NIR-NDSI feature space
and the scatter distribution between NDSI and NIR band reflectance are used to estimate snow
surface estimation. Lower liquid water content (LWC) pixels are found in the scatter
distribution in the NIR-NDSI region surrounding the dry edge. In contrast, higher LWC pixels
are found around the wet edge. In the NIR-NDSI feature space, dry snow pixels are found in
the upper right corner, and wet snow pixels are found in the lower right corner. These

observations allow for the following definition of snow wetness: (w):

= MatlegeNDSD=NIR (4.16)
(ig—iw)+(sq—sw)*NDSI

Where, iq, iw, Sd,sw are the intercept and slope of the dry and wet edges.

LWC, permittivity, and density are among the snow geophysical parameters coupled in nature
(Egs. 4.11, 4.12, 4.13, and 4.14). Snow dielectric and density are estimated using the state-of-
the-art empirical models shown in Eg. 4.11 to Eq. 4.14. The least squares solution for snow
dielectric was found using the corresponding values of LWC. Further, the derived snow

dielectric calculates snow density using the model defined by Looyenga (1965) (Eg. 4.10).

4.6. Results and Discussions

Rathong Glacier Region: Each component (s1, s2, s3, and s4) is considered nonzero when the
Stokes vector for Sentinel-1 is calculated. The theta () is the angle formed by the scatter's
symmetry axis, and the radar transmits polarised signal axes. The return signal is always co-
polarized with the transmitter when this 6 value is zero, which denotes that the surface has no
slopes (reflection like a simple mirror) (Mascolo et al., 2021). Since the study area is hilly
terrain, hardly it will have such value. The histogram plot for 6 is seen in Fig. 4.8 and is

observed as non-zero.

According to Mascolo et al. (2021), as long as 0 is non-zero, we will have the following
inferences: (1) obtain a complete Stokes vector from dual-pol systems, (2) the dual-pol SLC
data employed is entirely coherent, (3) s4 parameter is non-zero (thus meet the requirement for
Eq. 7). The proposed inversion model based on Sentinel-1 derived Stokes coefficient is applied

to a portion of the Sentinel-1 scene acquired on 6 April 2022. The model shown in Eq. 4.9 is
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solved to retrieve the dielectric values, and subsequently, density is estimated using Eq. 4.10.

The wetness is modeled using a set of equations (4.11-4.14).
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Figure 4.8: Histogram of the angle of the scatterer's symmetric axis with the radar V or H axes. It is also called
the orientation angle

According to Ponnurangam et al. (2015), Eq. 4.10 is substituted in Eq. 4.14 to estimate the
initial value of dry snow density by taking snow wetness equal to zero. The dry density of snow
is found to be 0.415 g/cm?®. The dry snow density mainly varies from 0.25-0.30 g/cm?, but it
can be more than 0.350g/cm?® due to trampling of snow by human activity (Li et al., 2022). It
is observed that trekkers frequently visit the point of measurement along the RGP. Since the
number of in-situ measurements is less and for a particular scene in the spatial stretch of around
200m, we have assumed the dry snow density to be constant. This constant value is used in Eq.
4.12 to determine the dry snow dielectric, and subsequently, Eq. 4.11 and Eq. 4.13 are utilized
to obtain the wetness value. In the in-situ data, the dielectric constant, density, and wetness
vary from (1.28 — 2.53), (0.145 — 0.511) g/cm?, and (0.11-4.83) %. Among 11 points, there are
two points, which are points number 3 and 8 (see Fig.4.1C), which have wetness of less than
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1% and density range from 0.147-0.161 g/cm®. This density range comes in the category of

damp new snow (Cuffey et al., 2010), and this kind of snowfall is observed in the field. The

rest of the in-situ locations have wetness of more than 1%, thus can be said to be wet snow,

which is typically the case in the ablation period. Since the snow depth in the field was shallow,

the physical properties along the vertical depth are not discussed. The snow dielectric, density,

wetness, and an RGB composite image are shown in Fig.4.9.
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Figure 4.9: RGB composite image of Sentinel-1 derived Stokes coefficients (Red-s1, Green-s2, Blue- s3),
Modeled snow dielectric, density, and wetness map for the subset of the scene including the investigating area
as well as the Rathong Glacier region

Since the study area had cloud cover during the field investigation, the snow cover image using

optical data has not been shown here. The map of the scene shown here also covers Rathong

Glacier, and the density of the glacier ranges from 0.830-0.923 g/cm?® (Cuffey et al., 2010).

Based on the density ranges (0.10, 0.20, 0.25-0.30, and 0.40 g/cm®), snow can be classified

TH-3727_196104014
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into four categories: fresh, settled, old, and moist (Melysund et al., 2007). The measured
snowpack in the field has been determined to be settled, old snow, and moist. It is observed
from the field data that there is snow, which reflects the continuous nature of snow
transformation, which is very common in glacial environments (Cuffey et al., 2010). A few
statistical analyses have been performed to check the efficiency of the proposed inversion
model. The first one is the box plot, which shows a simple summary of the distribution of

results. The box plot of the modeled (results) and observed data (in situ) is shown in Fig. 4.10.
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Figure 4.10: Box plot of the modeled and in-situ snow geophysical parameters. The dielectric constant is
dimensionless, whereas density is measured in g/cm?, and wetness is the percentage by volume

Snow dielectric, density, and wetness (LWC) are compatible with the measured values,
according to the median seen from the boxplot. It is also evident from the box in the plot that
modeled parameters are overestimated. The linear fit between the modeled and measured
values is shown in Table 4.2, along with its scale and bias parameters. The graphs of the
correlation between the modeled and measured parameters are shown in Fig. 4.11. The
estimated values of the dielectric, density, and LWC are found to accord (R2>0.7) with the

measured values of these quantities. Due to the absence of intermediate values, it can be
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observed in the box plot that all parameters (left-skewed) are deviated from standard normal

distribution.
Table 4.2: Linear fit of snow geophysical properties
- 5 .
Parameters Coefficients (95% confidence bounds) R? RMSE
_ (p1x(x)) +p2
Snow Dielectric (0.4, 0.97) 074 026
constant
Snow Density (0.38,0.13) 0.72 0.0781
Snow Wetness (0.53,0.73) 0.8 0.847
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Figure 4.11: Showing the overall correlation between the estimated and in-situ values

So, it becomes necessary to perform additional tests to understand the assessment of the
modeled and measured parameters. Due to the sample size (number of samples=11), a two-
tailed t-test is used to compare the modeled and in-situ measured parameters to evaluate the
suggested model's validity. The t-distribution value for the degree of freedom in the current
case is 1.725 at the 0.05 (5%) significance level. Table 4.3 shows that every parameter's t-
statistic (t-stat) is lower than this value, supporting the null hypothesis that the modeled and
measured parameters are random samples from normal distributions with equal means and
variance. It is also observed that the sample means of the modeled parameter are greater than
the sample means of the observed parameters when the t-stat for snow dielectric, density, and
wetness is positive.

The proposed model is compared with some existing models, shown in Table 4.4. The statistical
parameters for linear fit, like R2, RMSE, and Mean absolute error (MAE) of the proposed
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model, show improvement relative to the existing models. The advantage of this study is that
the snow's physical properties can be estimated with freely available dual-pol Sentinel-1 data
with significant accuracy.

Table 4.3: Results for the T-test for different snow geophysical parameters.

Test Hy:h=0 Hi:h=1 Parameters Dielectric Density LWC
The modeled and
measured parameters
were obtained from
t- random samples
test drawn from normal
distributions with
equal means and
unknown variances.

The modeled and
the measured h 0 0 0
parameters come p 0.4473 0.2361 0.5417
from populations t-stats 0.7752 1.2215 0.6208
with unequal means.

Table 4.4: Performance evaluation of the proposed inversion models

Snow ..
Properties Proposed Model Existing Model
Varade et al., 2020: G4U
Snow 9= _ _ effective:
Dielectric A 074, RNEESSERE, MASISIE™ 284 R?=0.496, RMSE=0.063,
MAE = 3.30
Varade et al., 2020: G4U
effective: R%=0.485,
Snow 9= _ _ RMSE=0.033,
Density R<=0.72, RMSE=0.08, MAE = 0.1688 MAE= 7 51
Thakur et al., 2017
R?70.72
Ma et al., 2020: R%70.72
RMSE=3.89%,
MAE=3.35% (GaoFen3)
Snow J_ ary _ on andR?=0.62,
Wetness R~ 0.72, RMSE=0.85%, MAE = 1.2127% RMSE=1.66%,

MAE=1.32%(Radarsat2)
Thakur et al., 2017:
R?70.74

However, it also has some limitations: the symmetry assumption for the proposed inversion

model and the site location are also challenging because they require continuous trekking. The
continuous monitoring of snow with electronic instruments is difficult as solar energy is
minimal due to cloud cover most of the time. As this model also depends on the orientation
angle of the scatterers, the satellite pass mode is also important. So, its efficiency should be
tested for both ascending and descending passes. There are fewer in-situ measurements, which

hinders the detailed analysis of the intermediate missing data values. Since the snow cover
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during the ablation period is shallow in this region, the model performance should also be tested
for the winter season.

South Lhonak Glacier Region: To map snow geophysical parameters, it is important to map
snow-covered pixels accurately. The NDSI (Eq. 4.15) threshold of 0.4 generally masks snow-
covered areas. However, this also considers the glacial lake to be a snow-covered area. Based
on the ability of the surface to reflect energy in the green and shortwave infrared (SWIR) bands,
the NDSI is intended to differentiate between snow and non-snow areas. Nonetheless, glacial
lakes frequently exhibit reflectance traits comparable to snow in these bands, especially if they
are heavily turbid or glazed in ice. Because of this spectral similarity, NDSI couldn't segregate
glacial lakes from snow cover. To mask the glacial lake from the NDSI-derived snow cover
map, spectral unmixing is performed using the JHU snow spectral library. The resulting
abundance fraction map shows the abundance of snow in each pixel in the range of (0 to 1).
This study considered a threshold greater than or equal to 0.5 to be identified as snow-covered
pixels.

In remote sensing imagery, natural surfaces generally comprise mixtures of multiple materials.
Endmember extraction facilitates the identification of the most representative pure spectral
signatures within a given scene, which may vary from those found in pre-existing spectral
libraries. The endmembers derived from the snow pixels (Fig.4.12) are identified as coarse,
medium, fine, and frost concerning the JHU snow grain size spectral library using a widely
accepted and reliable SAM method (Singh et al., 2022).
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Figure 3.12: Endmembers of snow grain size derived from PRISMA Hypercube using FIPPI endmember
algorithm.

55
TH-3727_196104014



SAM computes the angle in an n-dimensional space between two spectra and compares how
similar they are. The similarity scores between the derived endmembers and the JHU snow
library spectra are provided in Table 4.5. The derived endmembers map snow grain size using
the SAM classification method. Fig. 4.13 represents the percentage of occurrence of each grain
size mapped in the study area with the total snow cover area. The result indicates the dominance
of coarse-grained snow in the region, which agrees with the ablation period condition of the
Indian Himalayas (Singh et al., 2022).
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Figure 4.13: Percentage of occurrence of each grain size mapped in the study area.

Table 4.5: SAM similarity score between the JHU snow grain size and image-derived endmembers.

Sl No. Snow Grain Type Sam Similarity Score
01 Coarse 0.99
02 Medium 0.99
03 Fine 0.98
04 Frost 0.97
56
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Figure 4.14: Snow wetness, dielectric constant, and density maps
The estimated snow wetness, dielectric, and wetness are represented in Fig.4.14 as maps. The
wetness of each snow grain size agrees with the theory that the snow grain size increases with
increasing water content. Through a process known as wet snow metamorphism, water
functions as a lubricant, helping the snow grains bond and round. Grain clumps come together
and form larger grains due to the capillary action produced by the liquid water. Additionally,
this procedure promotes quicker melting and refreezing cycles, further enhancing grain growth.
The firn density converted to glacial ice density equals 830-927 kg/m?® (Cuffey et al., 2010).
The proposed model can forecast the density of Indian Himalayan glaciers within the

permissible range.

4.7. Conclusions

The study aimed to develop a state-of-the-art inversion model to estimate snow properties using
the Sentinel-1 dataset. The proposed model uses VV and VH polarization to calculate the C2
matrix, providing stroke parameters. The Stokes parameters are represented as the combination
of the T3 elements matrix using the general mapping of reflection symmetry. The inversion
model is then formulated using elements of the T3 matrix, the Stokes parameter, the angle
between the polarized signal with the symmetry axis of the scatterers, and the local incidence
angles to calculate snow dielectric. The snow density is estimated using Looyenga's semi-
empirical equation, while the snow wetness is determined using the formula given by Denoth.

The following are the main conclusions of the study.
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e A state-of-the-art inversion model has been developed using Sentinel-1 derived stokes
parameters to estimate snow dielectric.

e Itisevident from the estimated correlation coefficients that the modeled values of snow
dielectric, density, and wetness corroborate well with the in-situ values (>0.7) with a
95 % confidence interval.

e The model can also predict the glacier density within specific ranges.

e The inversion model overestimates the geophysical properties of snow-cover regions
with shallow snow depths.

e These snow physical parameters show relative improvement concerning some of the

existing models.

The snow dielectric, density, and wetness model performed well for Western Sikkim, India.

However, its efficacy should be tested using a wide range of in-situ datasets for broader utility.

The snow geophysical properties of snowpack of the South Lhonak glacial environment located
in Sikkim, India has been estimated using PRISMA hypercube. The snow cover mask across
the region is constructed at the subpixel level using the abundance fraction map and the widely
used NDSI with a threshold of 0.4. For each grain size—coarse, medium, fine, and frost—the
endmembers are obtained using a FIPPI. Subsequently, JHU snow grain size library spectra are
used to characterize the image endmembers. The mapped snow grain size in the study region
agrees with the ablation period condition of the Indian Himalayas. The proposed inversion
model for snow wetness utilizes the NIR band (~1.03um), which is also sensitive to snow grain

size. In addition, it can estimate the glacial ice density well within the prescribed limit.
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5

INVERSION MODEL FOR SNOW DEPTH

Assessing snow depth is crucial for various environmental, hydrological, and climatological
studies. Snow depth measurement utilizing conventional techniques often encounters
challenges in high-altitude remote locations. In this scenario, space-borne satellite remote
sensing has proven to be a scientific tool to predict snow depth. With the availability of
Sentinel-1, a C-band Synthetic Aperture Radar (SAR) data, snow depth estimation is being
widely studied. This study introduces an improved snow depth inversion model utilizing the
Differential Interferometric Synthetic Aperture Radar (DINSAR) technique in conjunction with
Landsat-9. The Landsat-9 BOA dataset estimates the snow wetness and the snow cover map.
Snow's physical properties, wetness, dielectric, and density are interrelated. The corresponding
state-of-the-art empirical equations are utilized to predict snow dielectric, an essential input for

the snow depth inversion model.

5.1. Introduction

The presence of snow cover is integral to upholding the ecological equilibrium within a given
region. Its functions extend to temperature regulation, shaping climate patterns, and serving as
a habitat for diverse plant and animal species. Beyond its ecological significance, snow is
pivotal in governing the global water cycle and the freshwater flow rate. Moreover, it
contributes significantly to regulating the Earth's overall temperature. Climate change and
variations in snow cover are closely associated (Ulaby et al., 1977; Thakur et al., 2013).
Consequently, snow is a significant component of global climate modeling and weather
prediction. Snow depth is a critical parameter for understanding the extent and volume of
snowpack, which plays a key role in hydrological studies (Singh et al., 2008). It is an essential
indicator for assessing snow water equivalent (SWE). It provides valuable insights for water
resource management, snowmelt forecasting, and various hydrological applications (Patil et
al., 2020; Awasthi et al., 2020). However, conducting in-situ measurements to obtain such
crucial parameters poses challenges, especially in mountainous regions like the Himalayas,
owing to adverse weather conditions and limitations in human resources, logistics, and
infrastructure (Varade and Dikshit, 2019; Varade et al., 2020; Varade and Dikshit, 2020). Under
these circumstances, monitoring snow conditions has proven to be especially useful using

satellite remote sensing techniques (Lenormand et al., 2002; Rees, 2005; Lei and Siqueira,
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2015). The snow parameters have previously been retrieved by researchers employing a variety
of optical and radar remote-sensing datasets (Dozier and Painter, 2004; Landes et al., 2007; Du
et al., 2010). Optical remote sensing encounters constraints in foggy conditions, prevalent in
snow-covered regions for much of the year. In contrast, radar remote sensing, functioning
within the microwave spectrum's P, L, C, and X frequency bands, offers an advantage by

acquiring images even under cloud cover.

Satellites equipped with Synthetic Aperture Radar (SAR) technology can acquire intricate
image datasets at high resolution, with excellent temporal accessibility day and night, and
achieve resolutions of up to a meter scale (Zink et al., 2006). Snow monitoring and parameter
extraction have long benefited from the use of SAR. SAR Polarimetry (Pol-SAR) and SAR
interferometry (INSAR)-based access has proven to help estimate snow physical parameters
such as snow depth (Mahmoodzada et al., 2020), snow density (Varade et al., 2019), and snow
water content (SWC) (Patil et al., 2020). Lievens et al. (2019) used time series Sentinel-1
records to study the inconstancy of snow depth in the mountains of the Northern Hemisphere.
Patil et al., 2020 retrieved snow depth (SD) and snow water equivalent (SWE) using the link
between particle anisotropy, snow depth, and the co-polar phase difference (CPD). The co-
polar channels are typically provided by commercial polarimetric SAR data, which are
expensive. In contrast, sensors like Sentinel-1, one co-polar, and one cross-polar channel (VV

and VH) are freely available.

On the other hand, to understand surface dynamics, especially surface subsidence,
interferometric methods that make use of spaceborne SAR have been thoroughly studied in the
scientific literature (Sanchez and Navarro, 2017; Strozzi et al., 2018; Yu et al., 2018). Repeat-
pass interferometric datasets and approaches entrenched in INSAR have been extensively
employed for the calculation of snow water equivalent and the analysis of snowpack dynamics
(Evans and Kruse, 2014; Lei and Siqueira, 2015; Leinss et al., 2015; Li et al., 2017; Varade et
al., 2020). However, INSAR signals are mixed with the topographic phase (Principles, 1., 2007).
The Differential Interferometric Synthetic Aperture Radar (henceforth DINSAR) technique is
used to solve this problem. This technique is considered more accurate than INSAR as it can
provide relative measures up to a few centimeters or less (Danklmayer et al., 2009). Using
interferometric phase information, the DINSAR path has been exploited to project the snow
water equivalent for dry snow (Guneriussen et al., 2001). They utilized C-band interferometric
SAR (InSAR) records from the European Remote Sensing Satellite (ERS-1/2). Subsequent
research utilizing Sentinel-1 (C-band) datasets has focused on estimating snow depth through
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DInSAR (Varade et al., 2020). The snow depth findings obtained indicate an enhancement in
overall accuracy compared to conventional INSAR techniques (Liu et al., 2017; Varade et al.,
2020). Awasthi et al. (2021) proposed a snow-depth inversion model using Polarimetric SAR
Interferometry (PolInSAR) using TerraSAR-X/TanDEM-X datasets with a temporal baseline
of 10 seconds. Their work focused on the Manali region of Himachal Pradesh, India, for the
dates 21 January 2015 and 22 January 2015. The modeled snow depths for the corresponding
period were observed to be 0.84 m to 1.24 m. The retrieved snow depth results were validated
against ground-based measurements obtained from the Automatic Weather Station (AWS)
operated by the Snow and Avalanche Study Establishment (SASE), Defence Research and
Development Organization (DRDO), and the Indian Institute of Remote Sensing (IIRS) located
in the Dhundi region of the study area for the corresponding dates.

Liu et al. (2017) highlight a novel scheme combining Sentinel-1 D-InSAR and the 3DVAR
fusion algorithm to enhance snow depth estimation. Application in the Bayanbulak Basin
demonstrates increased R? values and reduced RMSE, confirming the scheme's effectiveness.
This approach offers a reliable regional snow depth estimation method, benefiting agriculture,
hydrology, and climate studies. Li et al. (2022) proposed a snow depth inversion algorithm
designed explicitly for forested regions by introducing a forest phase to account for the effects
of forest cover on microwave backscattering. To estimate snow depth, this method utilizes
DInSAR interferograms and distinct phase models for forested and non-forested areas. The
algorithm was applied to the Jiagedaqi area in the Greater Xing'an Mountains, generating a
snow depth map at a spatial resolution of 30 m on 7 December 2020. Estimated snow depths
ranged from 40 to 120 cm, which strongly agreed with the reference data. Including the forest
phase improved the average snow depth estimation in forested areas by 5.98 cm, reducing
underestimation and enhancing overall accuracy. Torun and Ekercin (2021) estimate that snow
density, depth, and snow water equivalents are equivalent using single-polarization TerraSAR-
X data over Mount Erciyes, Turkey. Kriging and 1SO-4355 methods were integrated with D-
INSAR models to estimate snow parameters. Snow depth, volume, and water equivalent maps
were produced, revealing variations based on the snow density calculation methods. The
results, supported by in situ measurements, showed consistency and accuracy in estimating
snow parameters using single-polarization data. Yang and Li (2021) investigated snow depth
data from multiple sources, including automatic ultrasonic snow depth detectors, manual
measurements, and high-precision, multi-angle, all-weather snow depth inversion using

Sentinel-1 synthetic aperture radar. They employed D-InSAR technology to analyze relative
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phase information from Sentinel-1A SLC interferometric image pairs. This process involved
phase unwrapping, removal of non-snow-related phase components, and subsequent

conversion of snow-related phase data into snow depth measurements.

The snow depth inversion model is a function of the snow dielectric constant, radar wavelength,
and incidence angle/local incidence angle, as mentioned in prior research (Guneriussen et al.,
2001; Rott, Nagler, and Scheiber, 2003; Li et al., 2017; Varade et al., 2020). Studies also
conclude that snow depth estimation largely relies on the accuracy of two components (i.e.,
snow phase contribution and snow dielectric constant). These two components can be
determined through in-situ data or other remote sensing data sources such as multispectral data
(Varade and Dikshit 2017, 2018, 2019) or full polarimetric SAR data (Singh et al., 2017).
Varade et al. (2020) used a multispectral data (Landsat-8) based snow cover map threshold for
snow phase correction. However, a snow mask derived from Landsat images is frequently used
to extract the Sentinel-1 backscattering (Thakur et al., 2017; Nagler et al., 2016; Crawford,
2015). So, in this study, we employed Landsat-9-based snow cover product and snow
geophysical parameters (wetness, density, and dielectric) for snow depth estimation. In this
research, Sentinel-1 (C-band) datasets, supplementary data derived from in- situ measurements,
and enhanced versions of optical datasets, such as Landsat 9, have been used to construct a
snow depth inversion model. A state-of-the-art snow depth inversion model has been proposed
by integrating information from Landsat 9 Level 2 data and Sentinel-1 data, focusing on a study

area in Arunachal Pradesh, India, within the Eastern Himalaya region.

5.2. Study Area

The research area, depicted in Figure 5.1, encompasses Mechukha, situated within the Siang
basin of Arunachal Pradesh. This region exhibits a varied topography, with elevations ranging
from the district capital at 1,829 meters to the highest point reaching 5,248 meters. Positioned
approximately at 93°58'26.4" E longitude and 28°43'8.4" N latitude, the central coordinates
mark the focal point of the study area. Snow coverage within this locale peaks during March
and April before undergoing ablation. The field site (Figure 5.2) features a diverse landscape,

including subtropical pine forests, subalpine, and alpine forests.
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Figure 5.1. Map indicating the study area and the locations of in-situ measurements.
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Figure 5.2. Snow Cover in the study area on 14" March 2022
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5.3. Dataset

5.3.1. In-situ Data

On March 14, 2022, a field expedition was carried out in the Mechuka Valley in the West Siang
district of Arunachal Pradesh, India. Within this research endeavor, we assessed snow depth
across elevation intervals spanning from 2380 meters to 3550 meters. A total of 8 measurement
sites were established to gauge snow depth, with observed values ranging from 3 to 50 cm
(Table 5.1).

Table 5.1: In-situ information of snow depth corresponding to the geographic locations

SL No. Latitude Longitude Snow Depth (cm)
01 28°41'25.03"N 93°58'3.97"E 20
02 28°39'45.12"N 93°58'47.07"E 3
03 28°44'17.15"N 93°57'54.55"E 31
04 28°44'19.23"N 93°57'52.67"E 25
05 28°44'14.81"N 93°57'55.69"E 33
06 28°44'11.07"N 93°57'56.19"E 40
07 28°44'10.72"N 93°57'58.26"E 50
08 28°44'5.28"N 93°58'2.07"E 50

5.3.2. Optical Data (Multispectral)

On September 27, 2021, the U.S. Geological Survey (USGS) and the National Aeronautics and
Space Administration (NASA) successfully launched Landsat-9 (L-9) as part of the Landsat
program. Onboard this satellite are two key scientific instruments: The Thermal Infrared Sensor
2 (TIRS-2) and the Operational Land Imager 2 (OLI-2). Except for the panchromatic band,
which boasts a spatial resolution of 15 meters, OLI-2 captures data across nine spectral bands
at a spatial resolution of 30 meters. Meanwhile, TIRS-2 records data across two spectral bands
at a spatial resolution of 100 meters. This study utilized an L-9 level 2 product, offering bottom-
of-the-atmosphere (BOA) reflectance. To ensure optimal integration of SAR and optical data,
images from both sensors must be acquired as closely as possible regarding date and time.
Therefore, images captured on March 14, 2022, were selected for this study, coinciding with

the field investigation.

5.3.3. Synthetic Aperture Radar (SAR)

Sentinel-1, part of the European Copernicus Program, comprises two satellites launched by the
European Space Agency (ESA). April 2014 marked the launch of Sentinel-1A and April 2016
of Sentinel-1B, respectively. On March 14, 2022, Sentinel-1A acquired data with a descending
pass, aligning with the date of field measurements. A reference image with little to no snow

cover in the research location was chosen on September 3, 2021, to match the pathway and
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aspect of the scene covered in snow. The level-1 SLC product of the dual-polarimetric
(VVIVH) Interferometric Wide (IW) swath mode C-band SAR dataset from Sentinel-1A was

used in this investigation.

Table 5.2. This study's Sentinel-1 dual polarimetric IW mode pairings and their temporal baseline

S. No. Snow Covered Scene Snow Free Scene Temp(_)ral
Baseline
S1A IW _SLC 1SDV 202 S1A IW_SLC_ 1SDV_202
203147234622 20220314T 109037234625 20210903T
01. > o 192 days

234649 042324 050B9B_ 234652 039524 04ABBB_
C585 D87D

5.4. Methodology

The pre-processing and temporal alignment of Sentinel-1 and Landsat-9 datasets acquired on
14 March 2022 are essential for their effective and synergistic utilization, facilitating accurate
and reliable analyses. In other words, proper pre-processing and co-acquired datasets enable
the synergistic integration of Sentinel-1 and Landsat-9, ensuring precise pixel alignment,
minimizing interpolation errors during collocation, and improving the reliability of integrated

datasets for geospatial and environmental analyses.

So, the pre-processing required for the radar dataset is shown in Fig.5.3 and explained in the
subsequent subsection 5.4.1 DINSAR processing, while pre-processing of L-9, Level-1 (top-
of-the-atmosphere reflectance: TOA) data to obtain Level-2 (bottom-of-the-atmosphere: BOA)
data is obtained using an atmospheric correction module called Sensor Independent
Atmospheric Correction (SIAC) developed for Landsat-8. This step is important because BOA
data is required to estimate intrinsic parameters such as soil moisture/ snow wetness. Subsection
5.4.2. should explain the necessary pre-processing and snow parameters estimation
methodology in detail. After the collocation of processed S-1 SLC product and L-9, Level-2

data, the snow depth inversion formulation will be explained in subsection 5.4.3
5.4.1.DINnSAR Processing

The DInSAR is atechnique used to generate an interferogram with the topographic contribution
removed. The two-pass DINSAR method requires two Synthetic Aperture Radar (SAR) images
captured at different times over the same area (Table 5.2). In this study, differential phase
information in the VV and VH polarimetric channels is obtained by applying DINSAR
processing to bi-temporal dual-polarimetric Sentinel-1 Single Look Complex (SLC) images,
using the SNAP software. The master and slave images correspond to periods without snow or
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snow cover, respectively. A reference image with minimal or no snow cover is selected, and
the MODIS 8-day composite monthly average snow cover product is used to determine the
month with the least snow cover in the study area. The snow hydrological year, defined as
October to September from 2000 to 2023, shows the lowest snow cover in September.
Consequently, a temporal baseline of 192 days was selected, ensuring the snow-free image
corresponds to minimal snow cover in the region. For the Coregistration of both the master and
slave datasets, the SRTM DEM 1 arcsec is employed. Cubic convolution resampling is applied
to the DEM. Followed by the formation of an Interferogram, further deburst command and, the
Enhanced Spectral Diversity (ESD) is applied to improve the accuracy of phase unwrapping.
The interferogram is generated by subtracting the flat-earth phase, a process known as
interferogram flattening. The interferometric phase consists of two components: one due to
altitude variation and the other due to slant range displacement between scatterers within a
pixel. Interferogram flattening eliminates the phase contribution from slant range displacement,
leaving the residual phase proportional to the relative terrain altitude. Further, an SRTM DEM
1 arcsec has been taken as an external DEM to simulate and remove phase changes due to
topography using the SNAP toolbox (Topographic Phase Removal). A new phase image is
formed, which consists of surface change phase contribution, which is assumed due to snow
accumulation. The unwrapping of the filtered interferometric phase was performed using the
SNAPHU module in a Windows environment. SNAPHU, developed by Chen and Zebker
(2002), utilizes a statistical-cost, network-flow algorithm for phase unwrapping. Following
unwrapping, the phase data were geometrically corrected using range Doppler terrain
correction, as described by Hellwich and Ebner (2000). The necessary steps taken for DINSAR

processing are mentioned in Fig.5.3.

S1 Snow Free
| Apply Orbit |

| Back Geocoding | | Goldstein Filtering I—'I Phase Unwrapping I
I Enhanced Spectral Diversity | Multilooking | | Terrain Correction |

| Topophase Removal I $-VV (Phase-VV)
Interferogr:
Em@ Local Incidence

Angle (6)

I Deburst I—'I Subset |

Figure 5.3: DINSAR processing in SNAP. Similar steps followed for VH-Channel steps.
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5.4.2. Optical Data processing (multispectral)

The L-9 data obtained from USGS Earth Explorer from March 14, 2022, is at level 1, providing
top-of-the-atmosphere reflectance (TOA). However, a level-2 product offering bottom-of-the-
atmosphere (BOA) data is required to estimate intrinsic parameters such as soil moisture/ snow
wetness. Hence, the Sensor Independent Atmospheric Correction (SIAC) technique developed
for Landsat-8 was applied to the L-9 level-1 data in the Google Earth Engine to derive L-9
level-2 data. The assessment of soil moisture has frequently employed trapezoidal or triangular
feature spaces based on land surface temperature (LST), near-infrared (NIR) reflectance, and
the normalized difference vegetation index (NDVI) (Sadeghi et al., 2017). Similarly, the near-
surface snowpack response can be analyzed using spectral data from the visible and infrared
bands within an integrated framework for monitoring the liquid water content (LWC) in
snowpacks. This approach leverages the physical interaction between light and snow, where
snow properties such as grain size and liquid water content influence spectral reflectance in the
electromagnetic spectrum's visible and near-infrared (NIR) regions. Wet snow exhibits
significantly lower spectral reflectance in these regions than dry snow due to increased
absorption of incident light caused by higher liquid water content. In this study, the NDSI-
Near Infrared (NIR- band 5) feature space was generated in MATLAB using the L-9 Level-2
dataset, from which snow wetness was estimated based on the empirical relationship (Eq. 5.2)
outlined by Varade and Dikshit (2020). Pixels with lower LWC are located near the dry edge
of the scatter distribution in the NIR-NDSI feature space, while pixels with higher LWC are
closer to the wet edge. Within this feature space, dry snow pixels are concentrated in the upper
right corner, whereas wet snow pixels are positioned in the lower right corner. Subsequently,
snow dielectric properties were derived using established empirical relations with snow
wetness as described by Tiuri et al. (1984), Denoth (1994), and Kendra et al. (1994), as shown

in Equations 5.3-5.6. Thus, the parameters such as snow wetness and dielectric in this
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investigation were obtained using the approaches described in Chapter 4 (section 4.5), adapted

for the L-9 Level-2 dataset.

Green—SWIR..........cccovviiiiie i

NDSI = (5.1)
Green+SWIR
ig+(sg*NDSD—=NIR .....ccceovvvirinnnes (52)

" (ig—iw)+(Sq—sw)*NDSI

Where, i4, iw, sd,sw are the intercept and slope of the dry and wet edges.

€ = &ds + Acws (53)

€ds = 1 + 1.7pds + 0.7pds? ...... (5.4)

Agws = 0.187w + 0.0045w?, Agws = 0.089w + 0.72w?, Aews = 0.206w +

0.0046w2(5.5)

w = 5.35[es — (1 + 1.92pds)]...cccvrvene (5.6)

5.4.3. Snow Depth Inversion Model

The processed SAR, level-2, and multispectral L-9, level-2 data were merged using the bilinear
interpolation resampling method within the collocation toolbox of the Sentinel Applications
Platform (SNAP) to utilize radar and optical data synergistically. The collocated dataset is then
imported into MATLAB for the snow wetness and dielectric depth inversion modeling. As
outlined in the introduction and supported by the literature review, the snow depth inversion
model is influenced by the snow dielectric constant, radar wavelength, and incidence angle or
local incidence angle. The detailed methodology for snow dielectric estimation is mentioned
in the previous subsection. The snow depth inversion model is shown in Eq. 5.7 (Rott, Nagler,
and Scheiber, 2003; Varade et al., 2020). From Eq. 5.7 it can be seen that the core inputs for

the proposed inversion model include phase information from VV and VH channels, local
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incidence angle, and snow dielectric. The overall methodology corresponding to Eq.5.7 is

shown in Fig.5.4

Unwrapped Phase (¢-VV) |

Local NDSI-Threshold
Incidence
Angle ¢-W 'I_ d)-VV Snow
- l_ correction Fida

Displacement
Correction

4~| Snow Depth Inversion Model |

| Permittivity of snow obtained from L-9 L-2 data I

Figure 5.4: Snow Depth Inversion Model Overall Methodology. Similar steps were followed for the VH-
Channel.

Previous investigations have shown a stronger connection between polarimetric phase changes
in the co-polarized bands and snow depth. Further, the snow depth inversion model has been
modified with an extra snow phase correction for both the VV and VH (Varade et al., 2020)
and a common scaling factor for both channels has been implemented. This approach is
particularly significant in addressing snowpack heterogeneity and the varying snow
properties—such as snow dielectric, liquid water content, and roughness—that influence radar
backscatter in each channel (Chapter 6). Although not a universally standard practice, separate
scaling factors represent a valid and innovative methodology that enhances model accuracy. It
serves as a refined technique to improve the physical realism and sensitivity of the inversion

model. Accordingly, this study introduces separate scaling factors for VV and VH channels
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(Eq.5.8), enabling a more precise representation of their contributions and thereby enhancing

the accuracy and robustness of the snow depth inversion model.

¢ = ﬂd (cos(8) — Ve—rtstt®)2 5.7)
A S

dcorrected = (Welght * Olyy * dvv + (1 - WEIght) * Olvh * thworrewted)"' (58)

worrewted

; _ _(max(8)—(8))
Weight = () —min(e) (5.9)
Where 6 is the local incidence angle, € is snow permittivity, ds is the snow depth and ¢ is

terrain corrected for the unwrapped phase in the VV/VH channel.

Several studies have shown that complex terrain can lead to reduced radar coherence and
weakened backscatter, which in turn hampers accurate snow depth retrieval (Liu et al., 2017;
Guneriussen et al.,, 2001). The weight function plays a crucial role in quantifying the
contributions of various scattering mechanisms to the overall backscatter signal, and adapting
it to local topographic and snow conditions can improve model accuracy. Refining the weight
function in snow depth inversion models, especially in regions with complex topography like
the Indian Himalayas. The rationale behind this refinement lies in the observed sensitivity of
radar backscattering to local topographic variations and changes in snow properties (Chapter
6), which can significantly affect the accuracy of snow depth estimation. The need for refining
the weight function is further justified by the variation in radar coherence, which is more stable
in snow-free regions than snow-covered ones (Deeb, Forster, and Kane, 2011). This suggests
that the weight function should be adjusted for higher scattering variability in snow-covered
regions (Eq.5.9)

5.5. Results and Discussion
5.5.1. Snow Cover Threshold
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The generation of the snow cover map commonly utilizes NDSI methods (Wang et al., 2018),
where a threshold NDSI value of 0.4 is employed to categorize between cloud cover and snow
cover. In this investigation, the NDSI method is obtained using L-9 level-2 data. Eight in-situ
assessments were conducted in the study area to assess snow depth, ranging from 3cm to 50
cm, predominantly within the Alpine forests of the study area. Typically, NDSI values ranging
from 0 to 0.4 indicate contaminated or mixed-state snow, while values greater than 0.4 denote
pure snow (0.7-1) or snow with minimal contamination. NDSI values may be overestimated or
underestimated in forested regions (Dietz et al., 2012). Field investigations revealed the
presence of Alpine forests in certain parts of the study area (Fig. 5.2). Under such conditions,
the NDSI threshold must be reduced to mitigate underestimation, provided the scene subset is
free of cloud cover. Snow-covered areas are identified as pixels with NDSI values below 0.4,
provided the Normalized Difference Vegetation Index (NDVI) is approximately 0.1 (Hall et
al., 2002). Furthermore, factors such as illumination angle and the degree of contamination can
also influence the threshold (\VVarade and Dikshit, 2018). As the in-situ measurements are within
vegetated areas and the image pixel size is 10m (resampled from 30m to 10m), the average
NDSI values within such pixels may degrade, as depicted in Figure 5.5. Notably, locations with
snow depths of 3cm and 20 cm exhibit NDSI values below 0, while NDV 1 values (higher values
indicating vegetation presence) surpass 0.7. Consequently, the Normalised Difference Forest
Index (NDFSI) is utilized to identify snow presence in forested regions, although its value
remains below 0.4. According to Saptarshi et al. (2022), NDFSI values exceeding 0.4 indicate
snow. The degradation of NDSI and NDFSI values in such locations is attributed to elevated
NDVI values. NDSI values span from 0.17 to 0.48 for the rest of the six in-situ snow depth
locations, and NDVI values range from 0.19 to 0.37, indicating the presence of short herbs and
shrubs. Corresponding NDFSI values for these snow depth locations range from 0.25 to 0.54.
Thus, based on field observations and the scene free from cloud, NDSI values greater than 0

are treated as snow-covered pixels.
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Figure 5.5: In-situ points for snow depth measurement. The y-axis shows the index values of NDSI, NDVI, and
NDFSI.

5.5.2. Important Consideration for Snow Depth Inversion Model

The DInSAR technique, typically utilized to image ground surface changes due to various
causes, is presumed in this study to indicate snow accumulation-induced alterations primarily.
The consistency of the scattering qualities between the master and slave images (snow-covered
and snow-free) is assessed using coherence products produced using INSAR techniques.
Coherence scores indicate whether there is any association at all between the images, with
values ranging from 0 to 1. Notably, observed coherence values for snow-covered and snow-
free areas are relatively similar, with low coherence values suggesting limited similarity
between the selected image pairs. Coherence is heavily influenced by temporal baselines,
deteriorating as the span between master and slave images escalation (Varade et al., 2020). The
low coherence can be attributed to temporal decorrelation arising from the extended temporal
baseline of 192 days. Factors such as snow metamorphism, changes in surface roughness, or
environmental influences, including vegetation growth, may further contribute to the

degradation of coherence over time. It is acknowledged that coherence degradation is
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unavoidable with extended temporal baselines, particularly in regions characterized by
dynamic environmental changes. Based on prior studies (Varade et al., 2020), correction factors
have been incorporated into the snow depth inversion model, attributed to adjustments in the

weight function and scaling factors, as discussed in the methodology section.

The weight function depends on the local incidence angle (LIA) (Eq. 5.9), a crucial attribute in
snow depth estimation using the DINSAR technique. Selecting incidence angles that are less
susceptible to geometric errors is recommended to enhance snow depth estimation accuracy.
Studies by Nagler et al. (2016) indicate that geometric error effects are more pronounced at
lower incidence angles down 15° and higher angles above 75°. However, the preferred range
of local incidence angles is determined based on those following a distribution resembling the
normal distribution (Nagler et al., 2016; Varade et al., 2020). Figure 5.6 shows the normal

probability plot and histogram of the local incidence angle used in this investigation.
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Figure 5.6: Histogram and normal probability plot of local incidence angle.

With a standard deviation of 20.60°, the local incidence angle's overall average and median

values are determined to be 37.45° and 34.45°, respectively. The normal probability plot
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depicted in Figure 5.6 indicates that local incidence angles in the space of 20° to 60° follow a
distribution analogous to the normal distribution, whilst significant deviation is observed below
20° and above 60°. Varade et al. (2020) have selected a weight function explicitly controlled
by thresholds, as shown in the normal probability plot of LIA in Figure 5.6. Their method
explicitly targets a specific range of incidence angles, which might be optimal for particular
study regions. However, the proposed weight function (Eq.5.9) has more straightforward
assumptions and general applicability. It provides linearly decreasing weights as the local
incidence angle increases, prioritizing signals from smaller angles with better strength and
reduced distortions. In other words, a smaller Local Incidence Angle (LIA), closer to the nadir
or perpendicular to the surface, will be assigned a higher weight. In contrast, a larger LIA,
approaching grazing incidence, will receive a lower weight. The proposed weight function
accounts for SAR signals at smaller incidence angles having better signal strength and reduced
geometric distortions, leading to more reliable snow depth retrieval. Following the suitable
weight function for the snow depth inversion model, the next step is to acquire snow

permittivity, which is mentioned in the methodology section.

The mean, median, and standard deviation of snow wetness obtained in the study area are 5.30
%, 5.86 %, and 2.63 %, respectively. Based on the average snow wetness values, it can be
inferred that the snow is in wet conditions (wetness > 1% indicates wet snow). The
corresponding snow permittivity is determined using the methods outlined in the methodology
section, illustrated in Figure 5.7. Since in-situ measurements of snow physical properties (snow
wetness, dielectric constant, and wetness) were not conducted during the field investigation,
the snow permittivity derived from the multispectral data is utilized as input for the snow depth

inversion model.
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Figure 5.7: Left: - False color composite of Landsat-9 Level-2 data. Right: The snow permittivity model uses the same optical data. X and Y axes are the pixel locations in the
image matrix.
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5.5.3. Snow Depth Accuracy Assessment

The average snow depth estimated without incorporating scaling factors and weight factors for
each channel (VV and VH) at the measured locations reveals 29.44 cm for the VV channel and
52.56 cm for the VH channel. This suggests an underestimation in the VV channel and an
overestimation in the VH channel. The VVV polarization channel tends to underestimate snow
depth due to its sensitivity to surface scattering, which limits penetration into the snowpack,
particularly in wet conditions where surface roughness dominates the scattering process
(Nagler, 1996; Singh and Venkataraman, 2010). Conversely, the VH polarization channel
overestimates snow depth as volume scattering disproportionately increases with larger snow
grain sizes, enhanced wetness, and heterogeneities within the snowpack. This effect is further
intensified in partially wet snow (~5% wetness), where thin liquid water films surrounding
snow grains amplify the dielectric contrast and scattering intensity. Moreover, the prolonged
temporal baseline of 192 days can amplify these discrepancies, as snow metamorphism
processes, such as grain growth and variations in wetness over this duration, can lead to

decorrelation and modify the scattering characteristics in the VV and VH channels.

Further, this study also employed a correction based on the Varade et al. (2020) snow depth
model. Their methodology for this study region yielded the root mean squared error (RMSE)
and mean absolute error (MAE) relative to the in-situ measurements of 12.39 cmand 11.11 cm,
respectively. The expected snow depth derived from their model (R2 = 0.73) is 34.87 cm, while
the mean in-situ snow depth is 38.17 cm. The notable corrections suggested by Varade et al.
(2020) show that directly applying the snow depth model without adjustments is impractical
for our study area. Such behavior can be attributed to the calibration of model parameters such
as weight and separate scaling factors for both VV and VH channels to account for regional
variability and systematic biases. The scaling factor used to adjust the scale of snow depth is
determined by calculating the ratio of the mean corrected displacement to a reference snow
depth. The in-situ snow depth boxplot suggests the reference snow depth estimate (Fig. 5.8,
left panel). In this context, the median in-situ snow depth (36.5 cm) is employed as the optimal
reference value, as it is less sensitive to outliers and provides a more representative measure of
central tendency, especially considering the considerable variability observed in the in-situ
data. Thus, separate scaling factors for VV and VH channels are obtained as 0.89 and 1.62,

respectively.
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The RMSE and MAE obtained from the proposed inversion model are 9.58 cm and 7.90 cm,
respectively. This signifies an improvement of 2.81 cm in RMSE values compared to the
Varade et al. (2020) snow depth inversion model. The evaluation and comparison of the
suggested inversion method for snow depth relative to different existing methods are presented

in Table 5.3.

Additionally, the estimation errors for snow depth appear to be considerable. It is worth noting
that these errors are comparable to those of other established approaches. For instance, Awasthi
et al. (2020) conducted snow depth estimation in the North-Western Himalayan region on
January 21st and 22nd, 2015, using the TanDEM-X dataset and ground datasets by AWS of
Snow and Avalanche Study Establishment (SASE), DRDO. Their study, which utilized
polarimetric synthetic aperture radar interferometry (PolInSAR) based inversion modeling,
resulted in RMSE values of 10.6 cm and 28 cm for snow depth on both dates. Similarly, Harder
et al. (2016), in their study of Canadian agricultural lands using UAV-generated DEM with an
accuracy of £2.5 cm, reported RMSE values for snow depth modeling ranging from 4.1 cm to
13.7 cm. Given that the region of interest for the current study shares similarities in vegetation

types with these areas, such high error values are expected.
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Figure 5.8: Left: Boxplot of modeled and estimated snow depth. Right: Correlation between the estimated snow
depth and in-situ snow depth measurements collected during the field campaign in the study area.

It is evident from the boxplot in Fig.5.8 (boxplot) that the proposed model underestimates the
snow depth in the study area. The two-tailed T-test suggests insufficient evidence to reject the

null hypothesis (sample means are equal) at a significance level of 0.05. The coefficients of
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determination (R2) and the root mean square error (RMSE) between the in-situ snow depth and
estimated snow depth from the proposed inversion model are shown in Fig.5.8 (Right). It shows
a quadratic fit (R>=0.65) at 95% confidence interval boundaries for the predicted snow depth
compared to the in-situ data. Previous research has revealed a linear relationship between
snow's physical properties (snow dielectric constant, density, and wetness) (Chapter 4). The
increase in the R2 value from 0.14 for the linear model to 0.65 for the quadratic model indicates
the potential presence of nonlinear processes or dependencies in snow depth dynamics. This
may be attributed to the nonlinear relationship between snow wetness and dielectric (Eg. 5.5).
However, smaller data samples (6 in-situ points) could imply that, in this smaller sample, the
physical process governing the relationship (such as snow wetness and dielectric properties)
exhibits non-linear behavior that is captured well by the quadratic model. However, future
studies should be focused on an increased sample size to analyze whether a broader range of
conditions or variability, averaging any non-linearity, or capturing a more general trend that a
linear model can approximate. The proposed model's robustness and performance are assessed
using metrics such as RMSE and MAE, shown in Table 5.3. The statistical result from the
quadratic fit is shown in Table 5.4. It is worth noting that the quadratic correlation fit can predict
the average snow depth (36.70 cm) of the study area with an absolute error of 1.47cm. The

model snow depth map for the region of interest is also shown in Fig. 5.9.

Table 5.3: Evaluation and comparison of snow depth inversion model

S, No Snow Depth Mean In-situ Mean Modeled RMSE MAE
" Inversion Model Snow Depth (cm) Snow Depth (cm) (cm)  (cm)
oL  Fropestd Ngagion 38.17 34.28 958  7.90

Model
02. Varade et al., 2020 38.17 34.87 12.39 1111

Table 5.4: Statistical results from the correlation plot between Modelled and In-situ snow depth. F(x) = P1*x2 +
P2*x +P3. Coefficients and 95% confidence bound.

Coe(;‘]fil(;iietznts Value Lower Upper RMSE R? Ade‘;ited
P1 -0.74 -1.86 0.38 7.85 0.65 0.42
P2 52 -24.93 129.36
P3 870 -2190 446.02
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Figure 5.9: Snow depth map obtained from the proposed snow depth inversion model

5.6. The advantages and future recommendations

However, SAR Polarimetry provides an advanced framework for estimating snow dielectric
properties; it is inherently complex and computationally intensive. In contrast, our proposed
methodology simplifies this process by leveraging optical datasets, making it more efficient
without compromising scientific rigor. Specifically, L-9 level-1 data pre-processing to obtain
surface reflectance is instrumental in estimating key intrinsic parameters, such as snow
wetness. The technical advantages of our approach are grounded in the theoretical framework

of the collocation toolbox developed for SNAP. The methodology ensures geolocation
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accuracy, consistent pixel spacing/spatial resolution (S-1 and L-9 datasets are resampled to a
common resolution due to their comparable spatial characteristics), and temporal
synchronization. Both datasets were acquired on 14th March 2022, ensuring minimal temporal
disparity and consistency in environmental conditions. Additionally, pre-processing steps,
including atmospheric correction, further enhance the reliability of the data inputs for the snow
depth inversion model. In summary, the methodology depicted in Figure 5.4 offers a
technologically advanced yet less complex solution for snow depth inversion. Integrating
optical datasets provides a scientifically robust alternative to conventional methods reliant on
SAR Polarimetry, which are often time-intensive and computationally demanding. This
approach enhances efficiency while maintaining the precision necessary for snow dielectric
estimation, highlighting its significance in advancing snow depth inversion modeling
techniques. Since the weight function has no boundary condition, the snow depth inversion
model is not site-specific. Future recommendations are required to check the performance of

the proposed model, which has a large set of datasets, and assess its broad range capability.

5.7.  Conclusion

In this study, we introduced an adapted snow depth inversion model based on the methodology
suggested by Varade et al. (2020), utilizing DINnSAR techniques. Our modified model
incorporates snow permittivity for each pixel value obtained from the Landsat-9 Level-2
dataset. We set the NDSI threshold for the snow cover map to be greater than 0, guided by in-
situ measurements. The degradation of NDSI values at the measured locations is attributed to

the presence of vegetation, as evidenced by field photographs from the study area.

Based on the outcomes and discussions presented here, it can be assured that our proposed
methodology led to a compelling enhancement in snow depth estimation. The average modeled
snow depth at the measured locations was determined to be 36.70 cm, whereas the expected
snow depth observed in the field was 38.17 cm. The improvement in RMSE and MAE for our
proposed snow depth inversion model can be attributed to alterations in the scaling factors (for
each channel, VV and VVH) and the weight function.

Nevertheless, there is room for further enhancement of the efficiency of our proposed model.
This could be achieved through in-situ analysis of snow physical variables (snow dielectric,
density, and wetness), utilization of high-resolution DEM instead of SRTM 30 arcsec,
refinement of weight and scaling factors, and additional pre-processing improvements in
DInSAR techniques.
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6

STUDY OF CONTAMINATED SNOW COVER

Snow is considered contaminated when foreign materials are deposited/mixed with it,
accelerating melting and significantly impacting the snow cover's radiative balance. Such an
enhanced melting rate results in a reduction in freshwater sources at the catchment level. In
optical remote sensing, snow contamination is widely studied using a normalizing difference
index called the snow contamination index. This is based on the finding that the impact of snow
contamination diminishes with wavelength and is most noticeable in the visible spectrum (0.3
- 0.7 um). However, the study of snow contamination using optical remote sensing is hindered
in the Himalayan terrain due to enduring cloud cover in the region. SAR data, such as Sentinel-
1 can be used to ensure all-weather monitoring of such areas. This study focuses on the SAR
backscattering behavior at the C-band of clear and contaminated snow for March 2022 in a part
of the Eastern Himalayas of Arunachal Pradesh, India. An attempt has been made to utilize

Landsat-9 and Sentinel-1 to study the snow contamination.

6.1. Introduction

Clear snow comprises ice, water, and air and has no inclusions/impurities. Snow is considered
contaminated when foreign objects (ash, coal, wood, etc.) are deposited/mixed with it. Several
studies (e.g., Nazarenko et al., 2016; Xu et al., 2009; Ramanathan and Carmichael, 2008;
Barnett et al., 2005; Hansen and Nazarenko, 2004) have examined the impacts of snow
contamination on the climate and humans. Snow contamination can accelerate melting and
majorly impact the radiative balance of snow cover (Xu et al., 2009; Ramanathan and
Carmichael, 2008; Hansen and Nazarenko, 2004). According to Hansen and Nazarenko (2004),
understanding the connection between the cryosphere, the atmosphere, and climate depends on
how a snow impurity affects snow albedo reduction. Further, the deposition of black carbon
accelerates the melting of snow, resulting in a decrease in freshwater sources at the catchment
level (Xu et al., 2009; Barnett et al., 2005). In addition to lowering snow albedo (Wiscombe
and Warren, 1980,1981) and raising snow surface temperatures, snow contamination can have
an impact on the water quality of rivers (Kirchner et al., 1993) that receive runoff during
snowmelt (Balla and Garg, 2023).

The Himalayan areas present challenges for in-situ measurement due to their complex terrain

and harsh weather. In such conditions, satellite remote sensing with synoptic coverage and
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repeated monitoring capabilities has proven to be a promising tool for studying such a
dynamically changing ecosystem (Dozier et al., 1981; Donahue and Kevin, 2021; Di et al.,
2022). Snow contamination is widely studied through optical remote sensing using a
normalizing difference index called the snow contamination index (SCI). This relies on the
observation that the effect of snow contamination is most evident in the visible region (0.3 -
0.7 um) and decreases with increasing wavelength (Warren and Wiscombe, 1980; Negi et al.,
2006, 2010). In the visible region of the electromagnetic spectrum, the contaminated snow has
lower reflectance than clear snow (Staenz and Haefner, 1981; Warren, 1982; Takeuchi, 2009;
Casacchia et al., 2001). Based on spectroradiometer (Di Franco et al., 2022) readings, Negi et
al. (2010) introduced the snow contamination index (henceforth SCI), which uses blue and
green wavelengths. They claimed that the SCI index decreases and stays negative for
contaminated snow. Snow contamination can be easily identified with hyperspectral or multi-
spectral datasets. However, the study area in the eastern Himalayas mostly has cloud cover and
precipitation conditions, which are the significant limitations of the optical datasets (Marshall
etal., 1994; Tsai et al., 2019; Awasthi and Varade, 2021). Due to this, Synthetic Aperture Radar
(SAR) data proved to be an alternate solution (Notarnicola et al., 2013) in snow contamination
studies. Very few studies mention that SAR backscattering is affected by snow contamination.
(Tsai et al., 2019; Liu et al., 2006; Chuvieco, 2008). Also, Chylek and Srivastava (1983) have
studied the impact of contamination on the dielectric constant of the snow with varying snow

surface and atmospheric conditions.

To obtain snow properties, microwave remote sensing has been widely used (Landes et al.,
2007; Du et al., 2010; Chen et al., 2020; Langlois et al., 2020). Currently, available bands for
SAR data are X-band (TerraSAR-X, COSMO-SkyMe), L-band (ALOS-2), and C-band
(Sentinel-1) (Baghdadi et al., 2016). There are a few critical snow physical parameters that are
estimated using C-band SAR data, namely snow depth (Varade et al., 2020; Lievens et al.,
2022), liquid water content (Patil et al., 2020; Ma et al., 2020; Awasthi et al., 2022), dielectric
constant (Frolov and Ya, 1999; Hajnsek et al., 2003; Singh et al., 2017; Varade et al., 2020),
and density (Singh et al., 2017; Varade et al., 2019; Awasthi et al., 2020). The present study
shows the application of C-band SAR data in snow contamination studies. Backscatter
observations over snow-covered terrain are affected by various factors, including the physical
properties of the snowpack, such as its dielectric constant, snow grain size (Colbeck, 1982),
snow liquid water content, snow density, and snow depth, and sensor characteristics, including

frequency, polarization, and viewing geometry (Ulaby et al., 1986; Bishop et al., 2011).
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However, the amount of liquid water in the snow is important. Backscatter from wet snow is
reduced as a result of absorption due to increased water content, but backscatter from dry snow
is usually dominated by scattering off the ground surface (Baghdadi and Bernier, 1997; Luojus
et al., 2007; Nagler et al., 2016). Due to noticeably different dielectric characteristics within
the snowpack, the backscatter for dry and wet snow is different. Studies report that the snow
cover is typically wet for clear and contaminated snow in the Sikkim Himalayas in October
and April. The wetness of snow can affect the dielectric contrast (West, 2000) between air and
snow, which further influences the surface roughness that can significantly affect the
backscattering values (Métzler and Schanda,1984). In SAR imagery, the surface appears
smooth at a larger incidence angle, while at a smaller angle, the surface appears rough. Thus,
the local incidence angle's contribution to backscattering values cannot be ignored, and the

influence of this parameter should be considered.

To benefit from both datasets (SAR and multispectral), their combination (Tsai et al., 2019)
will have more potential to explore. A snow mask derived from Landsat images was frequently
used to extract the Sentinel-1 backscattering (Thakur et al., 2017; Nagler et al., 2016; Crawford,
2015). However, there is a limited selection of appropriate Landsat images for comparison with
Sentinel-1 snow maps due to the extensive cloudiness in a mountainous area (Nagler et al.,
2016). This study focuses on the backscattering properties of clear and contaminated snow for
March 2022 in a part of the Eastern Himalayas of Arunachal Pradesh, India. A state-of-the-art
attempt has been made to study the contaminated snow using the Sentinel-1 (S-1)
backscattering characteristics in conjunction with Landsat-9 (L-9). With the advancement in
the techniques, this approach will provide better insights to enhance understanding of snow
dynamics. The findings underscore the potential of microwave remote sensing technologies in
capturing critical snow conditions, which are vital for effective water resource management

and climate impact assessments.

6.2. Study Area

Arunachal Pradesh is the 14th largest Indian state, having an elongated shape, which shares a
1080 km border with China, 440 km with Myanmar, and 160 km with Bhutan. The
investigating area is Mechuka, located in the Siang basin of Arunachal Pradesh (Fig.6.1). The
study area exhibits a low temperate climate and experiences distinct seasonal variations, with

cold winters, mild summers, and considerable monsoonal rainfall.
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Figure 6.1: Map indicating the study area and the locations visited during the field investigation
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Figure 6.2: Snow cover and snow condition in the study area on 14th March 2022.
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This region demonstrates considerable topographical diversity, with elevations ranging from
approximately 1,829 meters at the district capital to a maximum height of 5,248 meters. Due
to its elevated location, winters in Mechukha are particularly cold, with temperatures frequently
falling below freezing. The study area's geographical center is around 93°58'26.4"E longitude
and 28°43'8.4"N latitude.

Based on EARS reanalysis data (https://apdrc.soest.hawaii.edu/las/v6/constrain?var=16467),
the climatological 2 m air temperature from 1990 to 2022 ranges from approximately -11°C to
12°C, with an increasing trend. Snow coverage in this region reaches its maximum during
March and April before the onset of ablation. These climatic conditions are influenced by the
area's high altitude, contributing to its unique seasonal characteristics. The landscape in the
field site (Fig. 6.2) encompasses a variety of ecosystems, including subtropical pine forests and

subalpine and alpine forests.

6.3. Dataset

6.3.1. Optical Data (Multispectral)

On September 27, 2021, the National Aeronautics and Space Administration (NASA) and the
U.S. Geological Survey (USGS) launched Landsat-9 as part of the Landsat program. Two
scientific instruments carried by the satellite are the Operational Land Imager 2 (OLI-2) and
the Thermal Infrared Sensor 2 (TIRS-2). OLI-2 offers data for nine spectral bands with a spatial
resolution of 30 meters (m), except the panchromatic band, which has a spatial resolution of 15
meters. The Level 2 (L-2) product of L-9, which is a bottom-of-the-atmosphere (BOA)
reflectance, has been used in this study. The Landsat-9 Level-1 dataset of the study area has
12.77% cloud cover, and the subset that contains the study area is devoid of cloud cover
(Fig.6.4).

6.3.2. Synthetic Aperture Radar (SAR)

The European Space Agency (ESA) built the Sentinal-1 constellation of two satellites as a
component of the European Copernicus Program. Based on the data availability and to better
collocate the L-9 and S-1 datasets, images of 14th March 2022 were identified. Accordingly,
the field investigation was planned and conducted on March 14, 2022. This study utilizes the
level-1 Single Look Complex (SLC) product of the S-1A, which is a dual polarimetric
(VVIVH) and Interferometric Wide (IW) swath mode dataset. This dataset has been pre-
processed for noise (both GRD boarder noise and thermal noise), radiometric and terrain-
related errors (ESA, 2024).

87
TH-3727_196104014


https://apdrc.soest.hawaii.edu/las/v6/constrain?var=16467

6.3.3. Field Investigation

According to the optical and SAR data acquisition date, the field investigation was conducted
on March 14, 2022, in the West Siang district of Arunachal Pradesh, India, particularly in the
Mechuka Valley (Fig. 6.1). During the field investigation, snow cover was spotted above the
2380m MSL and foreign particles such as soil, ash, and organic materials were observed (Fig.

6.2). The contaminated snow appears exhibiting different texture and discoloration.

6.4. Methodology

Integrating information at the pixel level, captured by different sensors, is widely practiced
(Ghassemian, 2016; Pandit and Bhiwani, 2015). In an ideal situation, both sensors' images
should be captured simultaneously to ensure the captured information pertains to the same state
of the earth's surface. In this study, S-1 and L-9 datasets have been combined using the
collocation toolbox of SNAP. The S-1 data was used as a reference, optical data was added as
a secondary product, and datasets were resampled to 10m spatial resolution using bilinear
interpolation. To estimate the Bottom of the Atmosphere (BOA) from level-1 data of L-9, the
Sensor Independent Atmospheric Correction (SIAC) (Yin etal., 2019) technique was used with
the help of Google Earth Engine.

The Normalized Difference Snow Index (NDSI) (Xiao et al., 2001; Negi et al., 2015),
Normalized Difference Forest Snow Index (NDFSI), and S3 Index were used to develop the
resultant snow cover map (RSM). The thresholds for NDSI and NDFSI are 0.4, whereas 0 to
0.18 for the S3 Index (Panda et al., 2022).

NDS]I = GTeeNn—SWIR ........ccoovveeiiiiiiiee i (6 1)
GreenswiIr ’
NDFST =M e, (6.2)
NIR+SWIR
 NIR(REA—SWIR) weeoovveeeeevesssesscsionssssssissenesssssonsseees
53 = (NIR+SWIR)(NIR+Red) (6.3)

The SAR backscattering for the snow regions (sigma0O_s) and non-snow regions (sigmaQ_ns)
was derived using RSM. Further, an SCI mask is used to derive SAR backscattering over

contaminated and clear snow.

SCI = B (6.4)

Blue+Green

The snow wetness is derived using the NDSI-Near Infrared (NIR- band 5) feature space of the
L-9 L-2 dataset, using the methods of Varade and Dikshit (2020). It is well known that snow
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wetness, dielectric, and density are interrelated (Tiuri et al., 1984; Denoth, 1994; Kendra et al.,
1994). Snow wetness is used to derive dielectric and density using the methods discussed in
Method-11 of Chapter 4.

Due to weather conditions in high-altitude regions, the S-1 datasets have been widely used to
estimate the physical properties of snow (Varade and Dikshit, 2020; Mascolo et al., 2021). The
dominant scattering mechanism over contaminated and non-contaminated snow is explained
using a generalized Stokes vector decomposition of the S-1 dataset (Mascolo et al., 2021).

Chapter 4 has provided the pre-processing steps for estimating the Stokes parameters.
s = my[1; —0.5; 0; 0] + ms[1; cos(2a) ; sin(2a) cos(6) ; sin(2a) sin(6)]......cceevrvvenenn (6.5)

where s = [s1; s2; s3; s4] is the Stokes vector, my is volume scattering power, and ms is surface

scattering power.

6.5. Results
6.5.1. Snow Cover Mapping

NDSI techniques are extensively used to map the snow cover (Crane and Anderson, 1984; Hall
et al., 2002; Dietz et al., 2012), where a 0.4 threshold can differentiate snow from clouds
(Dozier, 1989; Klein and Barnett, 2003). It is also possible that NDSI may be overestimated or
underestimated in the forest region (Dietz et al., 2012). During the field investigation, the
Alpine forests were observed in parts of the study area (Fig. 6.2). In such situations, the NDSI
threshold needs to be decreased to prevent underestimation, provided the subset of the scene is
cloud-free. The pixels with NDSI values less than 0.4 are identified as snow-covered areas,
provided the Normalized Difference Vegetation Index (NDVI) is around 0.1 (Hall et al., 2002).
However, the illumination angle and the level of contamination can also affect the threshold
(\Varade and Dikshit, 2018). As the in-situ locations are surrounded by vegetation and the spatial

resolution of data is 10m, the NDSI values within those pixels have deteriorated (Fig. 6.3).

In the locations where snow depth is between 3 and 20 cm, the NDSI values are less than 0,
while the NDVI values (higher values indicate the presence of vegetation) are more significant
than 0.7. Therefore, the NDFSI and S3 indices are used to identify the presence of snow in the
forest area, but their value is also less than the suggested thresholds. The NDFSI value greater
than 0.4 is identified as snow, while for S3, it is between 0 to 0.18 (Panda et al., 2022). The
degradation of NDSI and NDFSI values for such locations is attributed to the higher value of

NDVI. The NDSI, NDFSI, and NDVI values for the remaining in-situ locations range from
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0.17 to 0.48, 0.25 to 0.54, and 0.19 to 0.37, respectively. Consequently, to prevent
overestimating snow cover amounts, the thresholds for NDSI and NDFSI are set at 0.4, and for
S3, they are between 0 and 0.18 (Panda et al., 2022).
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Figure 6.3. In-situ snow-covered locations estimated the Indices values (NDSI/NDVI/NDFSI).

6.5.2. Snow cover and non-snow cover backscattering

The RSM and the snow condition map in terms of clearness and contamination are shown in
Fig. 6.4. At the same time, SAR backscattering ranges for the study area and snow cover are
shown in Fig. 6.5. Contaminated snow is evident at the periphery of clear snow cover (Fig.
6.4). It is also observed that the presence of clear snow is comparatively higher than

contaminated snow (Fig.6.4).

It is observed from the boxplot (Fig. 6.5) that the sigma0_s is comparatively lower than
sigma0_ns, which may include different vegetation, soil, etc. The soil and canopy moisture in
the non-snow regions (snow-free ground) influence the SAR backscattering strength
(Pulliainen et al., 1994, 1996). Flora is abundant in the study area, and as the ablation period is
just starting, the snowmelt has left the soil damp. According to a study by Koskinen (2001),
backscattering from forest canopy is higher than from wet snow.
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In addition to the ground's surface features, the local incidence angle (LIA) affects the SAR
backscattering values (Nagler et al., 2016). Backscatter dramatically reduces with increasing
incidence angle on bare or sparsely vegetated terrain with smooth soil surfaces (Ulaby et al.,
1982). Snow-covered surfaces at a relatively higher elevation (Fig. 6.5: Elevation boxplot) are
regarded as having poor vegetation. Fig. 6.6 illustrates the link between LIA and SAR

backscattering (VH and VV) for snow-covered areas.
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Figure 6.6: Scatter plot between SAR backscattering (VH-left and VV-right) on the y-axis and LIA on the x-axis.
If LIA is limited to a small range, researchers (Pathe et al., 2009) have assumed a near-linear
relationship between SAR backscattering (sigma0) and LIA. According to Nagler et al. (2016),
geometric errors significantly impact incidence angles higher than 75° and lower than 15°. On
the other hand, those that exhibit a normal distribution are used to determine the appropriate
range of local incidence angles (Nagler et al., 2016; Varade et al., 2020). The LIA's normal
probability plot (not displayed here) reveals that while there is a notable deviation below 20°
and above 60°, the LIA follows a distribution that is comparable to the normal distribution
between 20° and 60°. Unique local incidence angles (total 41 points) that follow the normal
distribution are considered. Fig. 6.6 represents the SAR backscattering as a function of the local
incidence angle over the snow surface. The mean angular dependence of each polarization (VH
and VV) over the snow surface is 1.29 and 1.42, respectively. Based on coefficients of
regression RZ and mean angular dependence values, the VH polarization channel is less angular
dependent than the VV channel, which corroborates with the previous study (Nagler et al.,
2016). Mean Anglular dependence = 1 — slope of oo dB vs log[cos(8)] ... (Baghdadi et
al., 2001; O’Grady et al., 2013)
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6.5.3. SAR Backscattering over contaminated and non-contaminated snow

This work uses a snow contamination mask based on SCI obtained from the L-9 Level-2
dataset. However, a snow mask derived from Landsat images is frequently used to extract the
S-1 backscattering (Nagler et al., 2016; Crawford, 2015). Thus, this study employed an SCI-
based snow contamination map to explain SAR backscattering behavior in clear and
contaminated snow. In Fig. 6.7, the effect of snow contamination on SAR backscattering is
shown. Thus, this study employed an SCIl-based snow contamination map for SAR
backscattering behavior in clear and contaminated snow. Here, we show the average
backscattering behavior of VV and VH channels over non-contaminated and contaminated
snow, considering a few pixels with unique SCI values. The SCI values less than 0 are
contaminated, while positive values are for clear snow. This plot shows that both average
backscattering (VH and VV channels) values for the contaminated snow are comparatively
higher than non-contaminated. The average values of VH backscattering for clear and
contaminated snow are -24.54 dB and -19.36 dB, respectively. Such behavior of SAR
backscattering channels over clear and contaminated snow is followed by studying the

scattering mechanism over both surfaces.
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Figure 6.7: The snow backscatter variation in contaminated and non-contaminated snow cover.
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6.5.4. Dominant Scattering Mechanism Over Contaminated and Non-Contaminated Snow
Many features of the snow layer influence the backscatter from the snowpack. Stratigraphy has
minimal effect on backscattering from wet snow because of the limited penetration depth.
(Nagler 1996; Singh and Venkataraman 2010). The air-snow interface, the snowpack volume,
and the snow-ground interface all contribute to the overall backscattering of the snowpack (Shi
et al., 2016; Singh et al., 2017). Contributions from the volume scattering of the snowpack and
the scattering elements from the snow/ground interface make up the majority of the
backscattered power in dry snow. As the dry snow ages, the top layer of the snowpack melts
and refreezes, increasing the size of the snow grains and raising the surface component from
the air-snow interface (Shi and Dozier, 1995; Yueh et al., 2009; Varade et al., 2020a). According
to Thakur et al. (2012), there is usually no component from the snow-ground interface.
However, the backscatter from the wet snowpack has a more substantial surface component

and a lower volume component.

Using Stokes parameters-based scattering decomposition (Eg. 6.5), this study shows that non-
contaminated and contaminated snow show prominent surface scattering (Fig.6.8) and are wet
snow in certain conditions. Fig. 6.9 (wetness boxplot) illustrates the wet condition of the
snowpack. Light scattering in contaminated snow exhibits more significant variability than in
non-contaminated snow, influenced by multiple factors. Contaminated snow is characterized
by increased surface roughness and unevenness, diverse impurities contributing to
inconsistencies, and potentially altered melting rates. Collectively, these factors result in a more
variable and unpredictable scattering behavior in contaminated snow relative to its non-

contaminated counterpart.
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Figure 6.8: Surface and Volume scattering power of clear (left) and contaminated (right) snow.
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6.5.5. Effect of snow contamination over snowpack physical parameters

According to studies, backscattering values decrease with increasing wetness because of
increased signal absorption by water (Stiles and Ulaby, 1980; Ulaby et al., 1986; Fung et al.,
1994; Karamvasis and Karathanassi, 2023). The box plot (Fig. 6.9) makes this quite evident,
showing low average wetness values for sigmaO_con, which has comparatively more
backscattering strength than sigma0_cl. Contaminated snow has a significantly different snow
wetness and dielectric constant than clear snow. The median value of snow wetness for
contaminated snow is lower than clear snow's wetness. The dielectric constant of the wet
snowpack directly depends on the liquid water content (Ambach and Denoth, 1980; Hallikainen
et al., 1982; Tiuri et al., 1984; Denoth, 1989, 1994; Kendra et al., 1994; Awasthi and Varade,
2021). It has been observed from the results that both clear and contaminated snowpacks are in

wet conditions (Fig. 6.9).

We found organic matters such as plant debris, vegetation cover, soil, and vehicular exhaust to
be the source of contamination during the field investigation. These sources of pollutants affect
the microstructure and thermal characteristics of the snow, and the chemical interactions within
the snowpack all affect how much water may be retained in snow mixed with organic matter.
The snowpack, water retention changes, and isolated melting will result from such
contamination (Larose et al., 2013; Koziot et al., 2017). Thus, snow contamination reduces the
snowpack's total liquid water content and the dielectric constant of snow.

The physical process of how contamination affects the snow geophysical parameters, including
snow wetness, is altering the structure of the snowpack (dielectric constant and surface
roughness), increasing radiation absorption (albedo change), and modifying capillary action. It
is observed from Fig.6.9 that the average volumetric liquid water content for both contaminated
and non-contaminated snow ranges around 3-5% by volume. Liquid water in the snowpack
functions as a lubricant, helping the snow grains bond. This physical process is called wet snow
metamorphism. This phenomenon can occur in contaminated and clear snow as long as liquid
water is present. The presence of contaminants such as organic matter, soil particles, or
pollutants alters the dynamics of the process and impacts the snow's geophysical properties. In
contaminated snow, due to the changes in the physical structure and increased impurity levels,
water may pool more in certain regions, disrupting uniform capillary action and leading to

uneven snowmelt patterns.
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The contaminated snow with lower SCI values has higher SAR backscattering values than clear
snow with higher SCI values. The box plot (Fig. 6.9) displays the backscattering, LIA,
elevation, snow wetness, and dielectric values for contaminated and clear snow. In comparison
to sigma0_cl (VH: -22.40db; VV: -16.46db), sigma0_con has comparatively higher median
value (VH: -20.58db; VV of -10.49db).

wl 4400 - ol

100

4200

T
|
I
|
I
|
4000
3800
1
1
I
|
|
I
1

S0

T
1
|
I
|
I
I 34k
1

mm====y
e = m ===

-
i

——m e e -4

kel i "R P PIE
1 L
=3 S
r s
- emm ===

-
|
1
! T
! 1
! 1
1
=15 . I sl
: S0 ] 3
= S 1 = . 6F =
= = 60 {5, | 1 &
et ¥ N ' g 600 % 2 3t
= B 1 ~ 1 S K 5 =
g 3 1 = 1 g 5 £
3 _g 20 1 X S zq00F 1= =28
E I 5 ! X I _ T
|-55r 8 1 4
|
| ! L X 3200 1 5l 26
\ 1
. 1 30 F 1
-30f 1 ! 1 i 24F
| | 1 20k 3000 2
1 1 1 1
n : ! I I I 22r I
1 o Z.2
35k i 1 2800 F . 1 | 1 |
33 L -0 I ' | | | |
ok L ] J 1 I R L
.

2600, M
Contaminated Clear Contaminated Clear Contaminated Clear Confaminated Clear Contaminated Clear Contaminated Clear

Figure 6.9: Box plot for clear and contaminated snow

Backscattering is insensitive to surface roughness at low moisture levels because volume
scattering predominates, and the dielectric difference between the air and snow is minimal.
Backscattering is susceptible to surface roughness as snow wetness increases. This is because
an increasing surface scattering component and a decreasing volume scattering component led
to the surface scattering component becoming dominant, which is evident from Fig.6.8. Both
contaminated and clear snow have been found to fall into the wet snow category (Fig.6.9). The
backscattering coefficient of wet snow is primarily influenced by the roughness and wetness of
the snow cover, rather than the snow water equivalent (snow density and depth), as the air-
snow interface is the primary source of backscatter (Ulaby et al., 1986; Fung et al., 1994; Shi
and Dozier, 1995). Fig. 6.10 shows the box plot of the non-contaminated snowpack's root mean
square (RMS) height. According to Marpaung et al., 2019 the RMS height is a function of the
ratio between backscattering values in VH and VVV polarization.

It is evident from Fig. 6.10 that the non-contaminated snow surface is comparatively smoother
than contaminated snow. Thus, contaminated snow having higher surface roughness
contributes to strengthening backscattering signals. The LIA for contaminated snow in the box

plot (Fig.6.9) shows comparatively lower angles than the LIA for clear snow.
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6.5.6. SAR backscattering and the Snow Contamination Index (SCI)

Based on snow contamination masks, the VVV-polarized and VVH-polarized backscatter of S-1
is extracted for the two classes (contaminated and non-contaminated snow). Thus, the relation
between SAR backscattering and SCI has been studied using a scatter plot for selected pixels
with unique SCI values. The red dots in Fig. 6.11 are contaminated snow with negative SCI
values, while the blue dots are non-contaminated snow with positive SCI values. It is evident
from Fig. 6.11 that positive SCI values (non-contaminated snow) correspond to lower SAR
backscattering, while negative SCI values (contaminated snow) have comparatively higher
SAR backscattering values. The coefficients of regression Rz for the VH channel (R2 = 0.8)
are comparatively higher than the VV channel (R? =0.69), possibly due to less angular
dependency of the VH channel. To access the physical correlation between SAR backscattering
at the C-band and SCI derived from multispectral data. It is important to clarify the distinct

physical implications of SAR backscattering values and SCI

SAR backscattering depends on target geometry, orientation, surface roughness, look angle,
dielectric, liquid water content, and contamination (Colbeck, 1982; Tsai et al., 2019; Liu et al.,
2006; Chuvieco, 2008). On the other hand, the SCI is the normalized difference between blue
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and green wavelength bands that decreases and remains negative for contaminated snow (Negi
et al., 2010). However, it does not provide information about the degree of contamination. Fig.
6.11 represents a significant physical relationship between SAR backscattering and SCI values,

and it also differentiates between the non-contaminated and contaminated snowpacks.
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Figure 6.11: Scatter plot between SAR backscattering (VV-left and VH-right) and SCI

6.5.7. Multivariate Linear Regression

It is clear from the above result and discussion that SAR backscattering over snowpack will be
affected by snow physical parameters (dielectric/wetness), SAR illumination angle (LIA), and
snow contamination. Since the wetness and dielectric of the snowpack are directly related, one
of the parameters will be redundant. The multivariate linear regression analysis (Mandal et al.,
2021) is performed to quantify the contribution of each independent parameter towards SAR
backscattering of snowpack at the C-band. The analysis is carried out on three different
combinations (i) SAR backscattering of snowpack with LIA, dielectric, and SCI (Model A),
(if) SAR backscattering with LIA, wetness, and SCI (Model B), and (iii) SAR backscattering
with LIA and SCI (Model C) (Table.6.1). In all three cases, it is observed that snow
dielectric/wetness are the dominant factor influencing the SAR backscattering over the
snowpack, while SCI have a weak contribution. It was observed in the previous section that as
wetness increases, the backscattering becomes susceptible to surface roughness. Here, snow
contamination has been observed to affect the snowpack wetness and surface roughness. Due
to the increasing surface roughness of contaminated snow, the backscattering values have

enhanced over that snowpack.
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Table 6.1. Multiple linear regression analysis of the SAR backscattering of snowpack concerning snowpack
physical parameters (snow dielectric/wetness), LIA, and SCI for 14 March 2022 over the study area.

Model LIA Dielectric  Wetness  SCI RMSE R-Squared Intercept
A -0.20 5.33 NA -21.69 4.33 0.34 -27.83
B -0.20 NA 0.996 -21.69 4.33 0.34 -17.17
C -0.15 NA NA -33.08 4.79 0.19 -15.29

6.5.8. Future research direction

The study utilizes the SCI, traditionally derived from optical remote sensing data, and C-band
SAR data to analyze snow contamination (Fig.6.11). Fig.6.11 shows a significant correlation
between SAR backscatter and SCI values, distinguishing between contaminated and non-
contaminated snowpacks. However, the application of the NDSI has demonstrated the
relevance and acceptance of thresholds developed for optical datasets in SAR backscattering
analyses over snow-covered areas, as supported by past researchers (Thakur et al., 2017; Nagler
et al., 2016; Crawford, 2015; Bhawana et al., 2024). While this validates the usage of SCI for
SAR-based analyses, the study also acknowledges the need to develop an index specifically for
radar observations. While the current findings provide a foundational understanding, future
research should focus on temporal or multi-seasonal analyses to capture the dynamics of snow

contamination.

6.6. Conclusion

The snow condition in terms of snow contamination is studied using the multispectral (L-9)
and SAR(S-1) datasets for the Mechuka region in Arunachal Pradesh, India. The range of SAR
backscattering for snow and non-snow regions is obtained using the resultant snow cover map.
The snow-cover regions have comparatively lower backscattering than non-snow areas. The
contaminated snow has a comparatively higher backscattering value than clear snow. The
average wetness for both snow classes ranges from 3-5% by volume. In contrast to the visible
electromagnetic wavelength region, where contaminated snow exhibits a lower reflectance
value than clear snow, the SAR backscattering for contaminated and clear snow exhibits
opposite features in the microwave region of the C-band. It is observed from the analysis that
the key parameters influencing SAR backscattering over contaminated snowpacks are (i) local

incidence angle, (ii) snow wetness, and (iii) surface roughness.
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7

CONCLUDING REMARKS

7.1. Conclusions

In high-altitude cold regions, sustainable eco-hydrology is intrinsically linked to understanding
and managing the dynamics of snow and glaciers, which serve as critical freshwater reserves
and indicators of climate variability. Locally, snow cover influences soil parameters such as
hydraulic conductivity, moisture, and temperature, impacting carbon sequestration and
microbial activity, thereby sustaining ecosystem health and biodiversity. At the regional scale,
snow properties directly regulate water availability, groundwater recharge, and river discharge,
supporting agriculture and hydropower generation. Essential snow characteristics, including
albedo, depth, density, and thermal insulation, are pivotal in governing geological and

biochemical cycles critical to eco-hydrological resilience.

The Indian Himalayas face escalating challenges due to natural and anthropogenic pressures,
amplifying climate change impacts and intensifying hazards such as landslides, floods, and
forest fires. Disasters like the Chamoli landslide underscore the urgent need for robust
predictive and mitigation strategies. Key snow geophysical properties (SGPs), such as
dielectric constant, density, depth, impurities, and liquid water content, are vital for assessing
avalanche risk, hydrological processes, and flood potential. Effective climate engineering
strategies for disaster risk reduction and adaptation to changing hydrological cycles depend on
precise, high-resolution data on these SGPs. However, the complex terrain of the Himalayas
presents significant challenges for acquiring such data through conventional in-situ methods,
emphasizing the need for advanced remote sensing and geospatial technologies to enhance data

acquisition and analysis in these regions.

The primary contribution of this study is developing and implementing the advanced use of
multispectral, synthetic aperture radar (SAR), and hyperspectral datasets for estimating key
snow geophysical parameters (SGPs), such as dielectric properties, density, wetness, grain size,

impurities, and snow depth within the complex terrain of the Northeastern Indian Himalaya.

The first objective concludes with a detailed case study highlighting the development of an
inversion model for snow grain size estimation over the South Lhonak glacier region following
the flash flood event on October 4, 2023. Utilizing PRISMA hyperspectral data acquired on
October 8, 2023, the study successfully mapped snow grain size through the spectral
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information divergence method, integrating the JHU spectral library as the reference

endmember. The major conclusions that could be drawn from this analysis are

1.

The snow grain size mapping in the South Lhonak Glacier region using PRISMA
hyperspectral data acquired after the Glacial Lake Outburst Flood (GLOF) event on
October 4, 2023. The mapping employs the Spectral Information Divergence (SID)
method, with results validated through the absorption band area technique.

PRISMA hyperspectral data estimates snow grain sizes comprising 240 spectral bands
and a spatial resolution of 30m. The analysis incorporates the JHU snow spectral library
to categorize snow into frost, fine, medium, and coarse granular types.

The validation process uses the absorption band area at 1.03 pm to measure energy
absorption by snow grains, revealing an inverse relationship between grain size and
reflectance. This approach provides reliable grain size estimations, even without field
measurements.

The post-GLOF surface snow layer predominantly exhibits coarse grain size, aligning
with the expected ablation phase characteristics observed in the Himalayan region
during October.

The research underscores the significance of hyperspectral remote sensing for detailed
snowpack analysis, facilitating insights into melt areas, snowpack energy balance, and
surface properties. It also emphasizes the importance of field-based validation to

enhance the accuracy and robustness of the developed model.

The second objective integrates field measurements with Sentinel-1 to formulate a novel

inversion model for snow dielectric based on Sentinel-1-derived Stokes parameters. The work

focuses on developing an inversion model for Rathong Glacier in West Sikkim, India, within

the Eastern Himalayas, which can be applied to all land surface forms. This model has shown

significant accuracy in predicting snow dielectric, density, and wetness compared to existing

models. The significant outcomes of this objective are

1. A state-of-the-art inversion model was developed using Sentinel-1-derived Stokes
parameters to estimate snow dielectric, density, and wetness. The model leverages
dual-polarized Sentinel-1 data (VV and VH) and applies Looyenga's and Denoth's
equations for density and wetness estimation.

2. In-situ measurements were conducted using the Snow Fork instrument in April
2022 along a 45 km trek path to the Rathong Glacier, measuring snow dielectric,

density, and wetness.
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3. Sentinel-1A C-band data from a descending pass on April 6, 2022, was used. The
study employed the Sentinel Application Platform (SNAP) for pre-processing steps
such as radiometric calibration, terrain correction, and Stokes parameters
estimation.

4. The inversion model uses dual-pol Stokes vectors and a combination of semi-
empirical and linear mixing equations for parameter estimation.

5. The dielectric constant, density, and wetness values obtained from the model
showed good agreement with in-situ measurements (correlation coefficient > 0.7).
The dielectric constant ranged from 1.28 to 2.53, density from 0.145 to 0.511 g/cm3,
and wetness from 0.11% to 4.83%.

6. The modeled results were overestimated in comparison to in-situ values,
particularly in areas with shallow snow depths.

7. A two-tailed t-test confirmed that the modeled and measured parameters were
statistically similar, supporting the model's validity. Linear fits between modeled
and measured values showed RMSEs of 0.26 for dielectric, 0.078 for density, and
0.847 for wetness.

8. The proposed model outperformed existing models regarding correlation
coefficients (R?), RMSE, and Mean Absolute Error (MAE).

9. Limited in-situ measurements restricted the analysis of intermediate data. The
model's dependence on the scatterer orientation angle and shallow snow depths
during the ablation period was identified as a limitation. While results are promising
for the test region, broader validation with diverse datasets is required for wider
applicability.

The third objective presents an enhanced snow depth inversion model that integrates the
Differential Interferometric Synthetic Aperture Radar (DInSAR) technique with data from
Landsat-9. By leveraging the complementary capabilities of these platforms, the proposed
model aims to improve the accuracy and reliability of snow depth estimation in remote and

complex terrains. The noteworthy outcomes from this objective are as follows:

1. It highlights the advantages of spaceborne remote sensing techniques, particularly
Synthetic Aperture Radar (SAR), in overcoming the limitations of traditional snow
measurement methods.

2. The study introduces an improved snow depth inversion model by integrating
Differential Interferometric SAR (DInSAR) data from Sentinel-1 with Landsat-9
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datasets for accurate snow wetness, dielectric, and density estimation.
3. The research focuses on the Mechukha region in Arunachal Pradesh, a challenging
high-altitude terrain in the Eastern Himalayas.
4. The model incorporates snow dielectric and phase corrections using empirical
equations, achieving improved accuracy compared to traditional INSAR techniques.
5. The performance of the proposed snow depth inversion model shows improvement after
implementing the modified weight function and scaling values to the existing model.
The final snow depth inversion model achieves a Root Mean Squared Error (RMSE) of
5.74 cm and a Mean Absolute Error (MAE) of 4.94 cm, demonstrating significant
accuracy in estimating snow depth over the alpine regions of the Eastern Himalayas.
6. The research offers advancements in applying SAR and multispectral data for snow
geophysical parameter estimation, providing a methodological framework for future
studies in similar terrains.
The fourth objective of this study investigates the SAR backscattering characteristics at the C-
band for both clear and contaminated snow in March 2022 within a region of the Eastern
Himalayas in Arunachal Pradesh, India. This analysis integrates data from Sentinel-1 and
Landsat-9 to examine and characterize snow contamination, leveraging the synergistic
potential of optical and SAR remote sensing techniques. The key outputs from this objective

are as follows:

1. Due to persistent cloud cover, Optical remote sensing faces limitations in the
Himalayas. Synthetic Aperture Radar (SAR) offers an all-weather alternative to study
snow contamination. The study integrated Landsat-9 (multispectral) and Sentinel-1 (C-
band SAR) datasets to analyze snow contamination, highlighting the complementary
potential of these technologies.

2. SAR backscatter is influenced by snowpack properties (wetness, dielectric constant),
contamination, and local incidence angle (LIA). Contaminated snow exhibits higher
backscatter compared to clear snow.

3. Clear and contaminated snow in the study region was categorized as wet snow.
Contaminated snow showed lower wetness and dielectric constant due to impurities
altering snow structure and melting behavior.

4. Contaminated snow has higher surface roughness, increasing SAR backscattering. This

is contrasted with the smoother surfaces of clear snow.
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5. The Snow Contamination Index (SCI) derived from optical data correlates with SAR
backscatter. Positive SCI values indicate non-contaminated snow with a lower
backscatter, while negative SCI values denote contaminated snow with a higher
backscatter.

6. Surface scattering is dominant for both snow types, with minimal volume scattering due
to the wet conditions. Contaminated snow exhibits more scattering variability due to
impurities.

7. Multivariate regression revealed that snow wetness/ dielectric properties, LIA, and SCI
are key predictors of SAR backscattering. Among these, snow wetness/dielectric
constant are the most influential.

8. The study emphasizes developing radar-specific indices for snow contamination and
conducting multi-seasonal analyses to understand temporal dynamics better. This
would enhance snow monitoring for water resource and climate impact assessments.

Thus, integrating advanced remote sensing technologies highlights significant advancements
in estimating snow geophysical parameters (SGPs) such as grain size, dielectric, density,
wetness properties, depth, and contamination, addressing challenges posed by complex
Northeastern Himalayan terrains. The findings would provide a robust foundation for
enhancing disaster risk mitigation, hydrological modeling, and climate engineering strategies,
contributing to the sustainable management of snow-fed water resources and ecosystem

resilience in climate change.

7.2. Limitations and Future Scope

Key limitations identified in this study that warrant attention in future research include:

1. The lack of comprehensive field measurements hinders detailed validation and limits
the model's applicability across diverse terrains and conditions. Thus, testing the models
with diverse in-situ datasets from varying geographic and climatic conditions is
recommended to ensure broader applicability.

2. The Himalayan terrain presents challenges due to difficult access, extreme weather
conditions, and persistent cloud cover, which affect data collection and continuous
monitoring. So, the applicability of snow cover monitoring using active microwave
datasets should be developed for their continuous monitoring. Deploy automated
sensors and drones to overcome challenges in manual data collection in remote and
high-altitude regions.

3. Efficiency is affected by the satellite's ascending and descending pass modes, as they
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influence scatterer orientation and SAR backscatter analysis.

4. Using medium-resolution DEMs like SRTM (30 arcsec) instead of high-resolution
DEMs can limit the precision of topographic corrections and snow depth estimations.
Incorporate high-resolution DEMs and finer spatial datasets to improve the precision of
topographic corrections and snow depth estimations.

5. SCI correlates with SAR backscatter, but it is derived from optical datasets and lacks
the specificity needed, such as contamination concentrations for radar observations,
limiting its efficacy. Develop indices tailored for radar observations to enhance the
analysis of snow contamination and physical properties. Conduct multi-seasonal and
temporal analyses to capture dynamic changes in snow contamination and its impacts
over time.

6. Vegetation significantly influences indices such as the Normalized Difference Snow
Index (NDSI), leading to inaccuracies in snow cover mapping and requiring terrain-
specific threshold adjustments. Additionally, vegetation, soil moisture, and regional
climate variables constrain model predictive capabilities, highlighting the need to
incorporate these local factors into model development. An open-access database
integrating field measurements and satellite data is recommended to enhance predictive
accuracy and facilitate collaborative research.

7. The study is confined to a specific time frame, limiting the understanding of snow
dynamics across seasons and varying climatic conditions.

8. Combine data from multiple sensors (e.g., L-band SAR, hyperspectral) to leverage

complementary strengths for snow property analysis.
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