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Preface to “Earth Observation (EO), Remote Sensing
(RS), and Geoinformation (GI) Applications in
Svalbard”

The Arctic region has become a focus of international attention in recent years due to its rapidly
changing environment and its crucial role in global climate change. Svalbard, an archipelago situated
in the Arctic Ocean, has been particularly affected by these changes, with rising temperatures, melting
ice, and changing ecosystems. As a result, the need for accurate and reliable monitoring of the region
has become increasingly important.

Earth observation and remote sensing technologies have been critical in providing scientists
with the data needed to understand and monitor the changing environment of Svalbard. This book
provides an overview of the current status of Earth observation and remote sensing applications in
Svalbard, highlighting their importance and potential for future research. The book covers a range
of topics, including the use of satellite imagery for monitoring glaciers and changes in vegetation,
the use of spaceborne and ground-based sensors for measuring permafrost and snow cover, and
the integration of various data sources to provide a comprehensive understanding of the region’s
environment.

The book also includes contributions from experts in the field, providing insights into the
challenges and opportunities associated with Earth observation and remote sensing in Svalbard.
Their perspectives on the current state of the field and the potential for future research will be valuable
for students, researchers, and policymakers alike.

Opverall, this book provides a comprehensive overview of the current state of Earth observation
and remote sensing applications in Svalbard, highlighting the importance of these technologies in

understanding and monitoring the rapidly changing Arctic environment.

Shridhar Jawak, Andreas Kiib, Veijo Pohjola, Hiroyuki Enomoto, Geir Moholdt,
Kjell Arild Hogda, Malgorzata Blaszczy, Bo N. Andersen, Ann Mari Fjeeraa, Bartlomiej Luks,
Roberto Salzano, and Frode Dinessen

Editors
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. Introduction

Remarkable developments in the fields of earth observation (EO) satellites and remote
sensing (RS) technology over the past four decades have substantially contributed to spatial,
spectral, and temporal sampling. This has enabled the subsequent retrieval of geographical
information (GI) to better understand the current state of the Arctic. Massive data gaps
exist in Svalbard, even if it is probably one of the most in situ data-rich regions in the Arctic.
These gaps can be filled by installing new research infrastructure (RI), acquiring regular
observations, generating new geospatial products using EO and RS, and integrating in situ
data with EO-based information. The Svalbard Integrated Arctic Earth Observing System
(SIOS) is an international consortium of 28 member institutions from 10 countries, tasked
with developing an efficient observation system for long-term in situ and RS measurements
in Svalbard and associated waters to address key Earth system science (ESS) questions.
Rls, associated with or funded by SIOS, are scattered all over Svalbard to acquire long-
term in situ observations. In situ measurements, collected as a part of the observing
system, provide value for a variety of existing (e.g., Sentinel and Landsat series) and
upcoming (e.g., CRISTAL, CIMR and ROSE-L) satellite missions. The function of these data
in such situations are calibration and validation (Cal/Val) efforts and use in ESS modelling
community. Such integration of in situ and satellite-based measurements is beneficial for
Svalbard science community in addressing broader scientific questions in Arctic science.
Our Special Issue (SI) was designed to provide a comprehensive platform for researchers to
present regional and Svalbard-wide cross-disciplinary studies, conducted using EO and
RS. The SI was focused on attracting ground/field-, underwater-, space-, and airborne
platform-based RS studies of Svalbard.

The SI offered broad possibilities to potential authors and encouraged contributions in
all areas of Svalbard science, including the following: (1) EO and RS studies pertaining to
field studies/campaigns, ESS modelling, and long-term monitoring programs in terrestrial,
marine, atmospheric, and cryospheric environments of Svalbard; (2) RS-based studies on
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cross-sphere interaction of cryosphere with ocean, terrestrial, and atmosphere; (3) The
derivation of geophysical and biophysical parameters e.g., chlorophyll concentration,
eddies information, snow cover dynamics, vegetation growth, sea ice drift and type,
phytoplankton blooms using satellites; (4) Svalbard-wide GI retrieval including geospatial
product generation and operationalization using optical (e.g., Sentinel and Landsat series),
microwave (e.g., SAR) and Lidar (e.g., ICESat-1/2) applications in Svalbard; (5) Cal/Val
activities for various satellite missions, e.g., Pandora (https://www.pandonia-global-
network.org/, accessed on 12 January 2023) installation, validation of snow parameters
derived using satellite, Cal/Val activities using ocean moorings; (6) Integration of RS, in
situ, modelling and previously available GI to advance new knowledge about Svalbard;
(7) Artificial intelligence (Al) including deep learning (DL), machine learning (ML), neural
networks (NN) and cloud computing-based applications in Arctic areas; (8) RS applications
in glaciology including snow cover and its properties, geodetic glacier mass balance,
mapping glacier facies, deriving glacier surface elevation changes, etc.; (9) RS of terrestrial
and marine cryosphere including snow/firn/ice, sea ice, snow on sea ice, icebergs, ground
ice, avalanche studies, and permafrost subsidence studies; (10) RS of terrestrial vegetation,
estimating vegetation growing season and primary productivity, mapping vegetation
abundance and extent, and time series analysis of terrestrial vegetation; (11) Applications
of very high resolution (VHR) satellite and airborne platforms in Arctic areas, including
use of airborne imagery and hyperspectral data acquired by Dornier research aircraft, VHR
satellites (e.g., WorldView, Planet) and uncrewed aerial vehicles (UAVs); (12) Applications
of new technologies, such as robots, autonomous underwater vehicles (AUVs), drone-based
mapping using surface from motion (5fM), and terrestrial laser scanners (TLS).

2. Challenges Related to Svalbard Studies and Possible Solutions from SIOS Remote
Sensing Activities and Special Issue

2.1. Challenges Related to In Situ Data Collection and Integration with RS Data

The regular collection of in situ measurements by field scientists using field cam-
paigns and ground-based RI is useful for space agencies, Arctic scientists and RS ex-
perts for validating geospatial products in Svalbard. Conversely, Arctic field scientists
benefit from the geospatial products derived using RS data to widen the scope of their
study beyond limited field observations. Therefore, a dedicated platform for facilitat-
ing communication between field scientists and RS experts in Svalbard is necessary to
make the best use of in situ measurements and RS resources. Presently, SIOS facilitate
such dialogue between field scientists and RS experts through its online conferences
(https:/ /sios-svalbard.org/RS_OnlineConference, accessed on 12 January 2023) and reg-
ular webinars (https:/ /sios-svalbard.org/WebinarSeries, accessed on 12 January 2023).
In future, we anticipate launching a dedicated platform or discussion forum on the SIOS
website to facilitate discussion between field scientists and RS experts, hopefully widening
the scope and usage of RS data in the Svalbard science community.

Even if Svalbard is one of the most in situ data-rich regions in the Arctic, there are
gaps that are limiting modelling-based studies. For example, most of the in situ data in
Svalbard are clustered in coastal regions and are very sparse in the interiors of Svalbard.
More datasets are required from the more remote eastern part of Svalbard, as there are huge
differences compared to western parts of Svalbard. Most of the field campaigns are focused
on summer seasons, causing an imbalance in intra-seasonal measurements. Due to changing
weather conditions and logistical constraints, conducting fieldwork matching with satellite
overpasses remains a challenging exercise. Most of the observations are clustered around
field bases such as Longyearbyen, Ny Alesund and Hornsund, causing data gaps in other
areas of Svalbard. Filling spatial and temporal gaps in terms of in situ measurements will
facilitate further modelling-based studies in the future. Regular maintenance of ground-
based Rls is one of the challenges facing researchers, specifically during wintertime and
periods of travel restrictions, such as the pandemic. For example, repair and maintenance
of several sensors may take months to reinstate the equipment because of logistics, causing
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gaps in measurements during unexpected failure and maintenance periods. The cost of
logistics in Svalbard is one of the challenges for Svalbard researchers. However, generous
field grants and access to RI by Svalbard Science Forum (https:/ /www.forskningsradet.
no/en/svalbard-science-forum/, accessed on 12 January 2023), SIOS access programme
(https:/ /sios-svalbard.org/AccessCall_2023, accessed on 12 January 2023), and INTERACT
trans-national access (https://eu-interact.org/, accessed on 12 January 2023) have been
useful for supporting field activities in Svalbard.

2.2. Technological Challenges and Innovation

Some of the practical solutions to overcome the challenges, outlined above, for con-
ducting field-based measurements include (1) use of remote or autonomous platforms;
(2) reduction in power consumption for remote stations using technological innovation;
(3) technical solutions for communication with Rls/sensors in remote locations; (4) devel-
opment of new measurement methods or infrastructure that can replace manual fieldwork
that has a high environmental impact; (5) pilot efforts for community-based observa-
tion to support ESS monitoring; (6) cooperation with a manufacturer to further develop
existing technology and protocols. To implement these solutions and overcome practi-
cal challenges in data collection, SIOS and SSF launched the call for proposals in 2021
(https:/ /sios-svalbard.org/InnovationAward, accessed on 12 January 2023) to promote
the development of an innovative technology, solution or method to advance observation
capability or reduce the environmental footprint of research and monitoring in Svalbard.
The funding awarded supports the development of new technologies, methodologies or
means of using products and data within Svalbard science and infrastructure operations.

2.3. Challenges Related to Sunlight Dependent Optical Sensing

Varying resolutions of optical data are useful for many applications in Svalbard. How-
ever, traditional issues such as frequent cloud cover and light conditions over Svalbard,
limit the usage of sunlight-dependent optical sensing. Time-lapse cameras, UAVs and
aircraft-based data can be utilized to complement satellite-based observations; however,
such observations can cover only limited areas in Svalbard in one field season. Besides,
aircraft-based measurements are also weather-dependent, and low-lying clouds can se-
riously hamper the quality of the data. Multi-polarization, multi-frequency, and multi-
temporal radar observations can be useful to fill data gaps during both cloudy days in
summer and limited light conditions in winter. SAR guarantees ground-covering (cloud-
free) images, both during summer and dark winter in Svalbard. The failure of Sentinel-1B
in December 2021 has impacted the frequency of SAR observations in Svalbard, a situation
which is expected to be improved with the launch of Sentinel 1C in 2023.

2.4. Challenges Related to VHR Observations in Svalbard

Very high resolution EO satellite data are mainly available through commercial
providers, an arrangement which necessitates dedicated funding for research projects. Most
VHR satellite observations are carried out on a request-by-request basis, rather than via con-
tinuous monitoring, causing large data gaps in Svalbard. This affects the studies involving
temporal change detection, such as surface changes of glaciers, calving events, vegetation
dynamics, and many more topics. To address this, SIOS has recently launched the project
proposal call with Planet (https://sios-svalbard.org/SIOS_PlanetCall2023, accessed on
12 January 2023) to provide free access to high-resolution optical satellite data, acquired by
Planet’s satellite constellation (https://www.planet.com/, accessed on 12 January 2023), to
stimulate geospatial product generation in Svalbard. Similar to the SIOS-Planet call, SIOS
also looks forward to cooperating with other commercial satellite data providers to facilitate
the usage of VHR data in Svalbard. SIOS also promotes the usage of UAVs and airborne
campaigns using Dornier aircraft (https://sios-svalbard.org/AirborneRemoteSensing, ac-
cessed on 12 January 2023) to collect high-resolution data. Since 2020, SIOS has supported
around 20 scientific projects by coordinating 50 flight hours to acquire airborne data using
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the Dornier aircraft and UAVs in Svalbard. Coordinated flight campaigns by SIOS have
enabled the optimized usage of aircraft to reduce the environmental footprint of observa-
tions, facilitate international collaboration within the Svalbard science community, train
the next generation of polar scientists using the collected data, and fill gaps in observations
that occurred as a result of pandemic-related travel restrictions.

2.5. Challenges Related to Methods and Applications

Most of the studies published in this Special Issue focus on regional aspects of Svalbard.
Methods, applications and data used in these studies should be scaled up to cover the entire
archipelago in order to broaden the scope of the study. However, it remains a challenge
to address scaling issues because of the variety of issues involved, including varying
spatial/spectral/temporal resolutions of satellite and in situ data. Ideally, methods adapted
to regional studies such as mapping vegetation or glaciers using VHR data should be scaled
up for the entire archipelago using the available coarse resolution or medium resolution
satellite data. However, only limited attempts have been demonstrated in this Special
Issue. Several manuscripts have shown the potential of having their methods upscaled
for Svalbard-wide studies. Such challenges can be circumvented by the colocation of Rls,
filling in situ data gaps, improving coverage of in situ data, frequent satellite observations,
and the integration of data. To some extent, these challenges can also be addressed using
better data management and making data available with FAIR principles. The SIOS Data
Management Service (https://sios-svalbard.org/Data, accessed on 12 January 2023) and
observation facility catalogue (https://sios-svalbard.org/sios-ri-catalogue, accessed on
12 January 2023) provide effective platforms for making data available to the scientific
community in Svalbard.

2.6. Challenges Related to Access Restrictions Such as the Pandemic

Situations such as the pandemic may recur, causing temporary gaps in field measure-
ments due to travel restrictions. To address this, an overview of the maturity of EO technol-
ogy and its ability to fill in situ gaps using space-borne observations is necessary. In this
direction, SIOS started supporting researchers in filling gaps in data using RS observations
during the pandemic through a dedicated service (https:/ /sios-svalbard.org/PatchUpData,
accessed on 12 January 2023). Besides, SIOS is currently setting the stage for developing
citizen science-/community-based observation efforts to involve residents. These efforts
will not only involve residents in scientific observation but also complement science studies
and long-term monitoring in Svalbard. Such community-based observations will be useful,
particularly in future pandemic situations.

3. Overview of Manuscripts Published in Special Issue

Twelve experts from five countries representing nine SIOS member institutions and
SIOS-Knowledge Centre (SIOS-KC) have edited this SI. This SI attracted 24 manuscripts
(more than 100 co-authors across the globe) over the span of two years (March 2020—]June
2022) as an outcome of its broader scope. SIOS also hosted two online conferences on
EO- and RS-based studies in Svalbard to attract scientific presentations and publications
from the Svalbard science community. After careful review and subsequent revisions,
the editorial expert group accepted 19 manuscripts in this volume. All the accepted
papers in our SI have the potential to stimulate our knowledge about Svalbard. An
accidental result of the unexpected timing of launching the SI at the beginning of the
pandemic ultimately presented a stage for Arctic researchers to publish their RS-based
studies, of particular value at a time when many researchers were constrained to their home
offices. The present volume of the SI covers a wide range of applications of EO and RS in
Svalbard, especially with regard to the usage of data, methods, infrastructure, and spheres
of the ESS. The available topics included EO and RS applications in snow, glaciers, Arctic
vegetation, ocean eddies, permafrost, glacier facies, aerosol, and lake phenology studies in
Svalbard. These were investigated using a variety of methods and infrastructure, including
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interferometric synthetic aperture radar (InNSAR), UAVs, TLS, photogrammetry and many
more techniques. In brief, the SI consisted of various contributions focused on the usage of
various remote sensing platforms and satellite sensors to develop applications in a wide
span of environments (atmosphere, terrestrial, marine, and cryosphere) on Svalbard. The
contributions are briefly described in the following sections.

3.1. Atmospheric Remote Sensing Applications

Anthropogenic climate change is leading to major changes in the Arctic environment.
Arctic aerosol and its related feedback mechanisms are inseparably impacted, whereas
the influence of the spatio-temporal variability of aerosols on the radiation budget of the
Arctic has not yet been fully understood. To address this gap, Nakoudi et al. [1] exploited
synergistic RS observations of a long-range aerosol transport episode in April 2018 using
lidar and sun-photometer measurements over two parts of the European Arctic. The aim
of the study was to investigate intra-Arctic aerosol alteration and assess its impact on the
local radiative budget. The research showed that aged aerosol was transformed, even in
neighbouring Arctic upper tropospheric levels, because of changes in the aerosol source
regions (north Europe and north-east Asia) and the interaction of removal processes such
as nucleation scavenging and dry deposition.

The near-surface warming rate in the Arctic has at least doubled (Arctic amplification)
in comparison to elsewhere on our planet over the past decades [2] and is reported to be as
much as four times the global average [3]. Clouds are an important modulator of the Arctic
surface energy budget [4]. Cirrus formations are known to be the only cloud type to cause
daytime cooling or heating at the top of the atmosphere. However, the present research into
its geometrical and optical properties over the Arctic is inadequate. To address this gap,
Nakoudi et al. [5] analyzed the long-term characteristics of cirrus clouds over Ny-Alesund,
Svalbard for the first time. The authors used lidar and radiosonde observations from 2011
to 2020, showing that cirrus layers were geometrically thicker in winter and spring. The
authors suggest that for more Arctic cirrus studies in the American and Russian regions of
the Arctic are necessary to evaluate potential intra-Arctic variations in cirrus properties.

3.2. Remote Sensing in Arctic Limnology

Arctic lakes are vulnerable to climate change. Ice phonological properties, such as
timing and length of ice presence or absence on the surface of lakes, can be used as
effective climate indicators. Tuttle et al. [6] compared ice phenology on the Linnévatnet
lake surface using satellite-based data, photographs from automatic cameras, and constant
observations of lake water temperature. Linnévatnet is one of the largest lakes on Svalbard.
Moderate-resolution imaging spectroradiometer (MODIS)-derived surface reflectance data
from 2003-2019 were utilized to identify the change in the mean surface reflectance of
Linnévatnet. Besides, smoothing splines were used to determine the date of summer ice-off
(“break-up end”—BUE). Subsequently, fall ice-on (“freeze-up end”—FUE) was determined
using the mean time series (2014-2019) of Sentinel-1 microwave backscatter over the lake.
In general, the ice timing dates determined from the satellite-based observations agreed
with the in situ observations (RMSE values of ~2-7 days for BUE and FUE). In brief,
this regional study indicates that optical and SAR satellite-based measurements can be
successfully used to observe changes in the lake ice in the High Arctic, and its results can
be extended to study changes in lake ice in regional scales across the Arctic using different
optical and SAR satellites and sensor-specific considerations.

3.3. Ocean Remote Sensing Applications

It is well documented that the Arctic coasts are affected by climate change, including
the melting of glaciers and variations in precipitation and runoff. These changes are ex-
pected to impact productivity in fjordic estuaries. The study by Walch et al. [7] demonstrates
the spatio-temporal variability of suspended particulate matter (SPM) in the Adventfjorden,
Svalbard. The authors used in situ field measurements, taken in 2019 and 2020, along



Remote Sens. 2023, 15,513

with Sentinel-2 imagery. This study highlighted the importance of RS in studying fluxes in
light-attenuating particles, particularly in the coastal Arctic Ocean. This study also indicates
that the Adventfjorden can serve as a representative study area for regions dominated by
marine-terminating glaciers and largely glaciated catchments. The authors found that the
fine-tuning of the ocean color RS algorithms using field-based measurements resulted in
satisfactory estimates of spatiotemporal variability of SPM in the Adventfjorden.

Eddies that form at the ice edge and within marginal ice zones (MIZ) are common
geophysical features of ice edge progression in polar oceans. Earlier studies indicate that
MIZ eddies are widespread in polar ocean regions, such as the Fram Strait. These studies
discuss the wide variety of methods for generating mechanisms eddies using available in
situ, airborne, and satellite-borne data. Kozlov and Atadzhanova [8] used Envisat ASAR
and Sentinel-1 to investigate the generation of eddies and their properties in the MIZ
regions of the Fram Strait and around Svalbard in the winters of 2007 and 2018. The authors
analyzed 2039 SAR images to identify 4619 eddy signatures. The authors found that the
number of eddies detected in MIZ is similar for both years. Besides they found that the
sub-mesoscale and small mesoscale eddies dominate, with cyclones identified twice as
repeatedly as anticyclones. The range of Eddy diameters varied from 1 to 68 km, with mean
values of 6 km for shallow and 12 km for deep water.

3.4. Remote Sensing for Permafrost Studies

The degradation of carbon-rich permafrost can contribute to global warming through
the processing and emission of greenhouse gases (GHGs) that were confined to the frozen
ground in the past. Changes in permafrost can also have instant impacts on infrastructure
and ecosystems in the Arctic. Rouyet et al. [9] used Sentinel-1 SAR Interferometry (InSAR)
to study the seasonal vertical displacement progression on Svalbard. Their study yielded
Sentinel-1 InNSAR data showing the spatial variability and timing of the seasonal thaw
subsidence maxima in three regions of Svalbard. The study indicates the necessity for
the development of regional INSAR products in Svalbard to study cyclic subsidence in
permafrost areas. The authors examined the possibilities and shortcomings of using the
timing of the maximal subsidence as an alternative for the end of the thawing season.

3.5. Glaciological Remote Sensing Applications

In order to understand the contribution of a surging glacier system to sea-level change
it is necessary to study the evolution of ice dynamics, mass transfer within the glacier,
surface elevation changes, glacial hydrology, and calving resulting in mass transfer from
the glaciers to the ocean. A study by Herzfeld et al. [10] evaluated the capabilities of
airborne ICESat-2 advanced topographic laser altimeter system (ATLAS) measurements in
surface height estimations over crevassed glacial terrain of the surging Negribreen glacier
in Svalbard. The authors collected airborne geophysical data in two field campaigns in the
summers of 2018 and 2019. Their results of the validation indicated that ICESat-2 ATLAS
data, processed with the density—dimension algorithm for ice surfaces (DDA-ice), facilitate
surface-height estimations over crevassed terrain.

RS observations of dynamic glacial systems are effective tools for observing the overall
changes that are constantly occurring in the cryosphere [11]. Glacier surface facies are
among the especially important signatures of variations experienced by a glacial system.
These surface facies are shaped by the natural ageing and redeposition of snow and its
seasonal melting, and refreezing with dust and debris. Surface facies are easily recognized
based on certain variations in surface reflectance values [11]. In a series of three papers,
Jawak et al. [12-14] demonstrated the usage of VHR WorldView-2 and WorldView-3 satel-
lites in mapping glacier surface facies on Svalbard and the Himalayas by standardizing
image processing routines associated with pixel-based and object-based machine learning
methods. These papers are expected to stimulate the operational mapping of glacier facies
in the cryosphere using a variety of satellite sensors.
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Almost 60% of Svalbard is glaciated and thus glaciers form most of the local ecosystem.
Kavan et al. [15] studied tidewater glaciers on the south-east coast of Svalbard to deduce
surface elevation changes and retreat rates using satellite images and historic maps. The
authors used a 1970 digital elevation model (DEM) and an ArcticDEM mosaic generated
from aerial images by the Norwegian Polar Institute. The authors showed that the tide-
water glaciers under consideration have retreated at a substantial rate ranging between 10
and 150 m year~!, with a mean retreat rate of 48 m year~! between 1970 and 2019. The
maximum retreat rate was revealed at Hambergbreen. The substantial retreat reported
by this study revealed that four out of the eleven glaciers completely lost their physical
link with the fjords/ocean, resulting in terrestrial glacier systems. Authors showed that
the massive retreat of the glaciers has exposed many newly emerged coastlines that are
presently being reshaped by coastal processes.

As stated previously, the Arctic is experiencing incessant and substantial variations in
land relief, resulting from various geomorphological, glaciological, and hydrogeological
processes. DEMs and precise high spatial resolution maps are of crucial importance to
studying these changes. Btaszczyk et al. [16] assessed the accuracy of orthomosaics and
high-resolution DEMs derived using photogrammetric methods on aerial images captured
by Dornier aircraft in 2020 over Hornsund, Svalbard. The authors evaluated and combined
the two methods based on terrestrial laser scanning and photogrammetry to produce a
continuous and gap-free DEM for the diverse Arctic scientific community. This approach
enabled authors to study geomorphological activity over a year, including alterations along
the shoreline, the snow thickness in gullies, and the melting of ice cores in the periglacial
zone. The study underlines the possibility of combining other RS methods to study the
active processes in this region.

3.6. Arctic Studies Using UAVs

Uncrewed aerial vehicles (UAVs) are being progressively utilized as a tool to study
rapidly changing arctic environments. Eischeid et al. [17] provided a comprehensive
method for producing ground-cover maps using UAVs for effective ecological monitoring
in a High Arctic tundra environment. Authors used random forest (RF) classifiers to map
up to 15 different ground-cover classes, including two disturbance classes. These were
goose grubbing and winter damage which were assessed based on lower NDVI values
in comparison to their undisturbed counterparts. The authors showed that UAV image
analysis can be an effective tool for studying rapid changes in vegetation at local scales in
Arctic tundra ecosystems. The authors also advise ecologists to integrate UAV mapping into
long-term ecosystem monitoring programs. The authors suggest stronger interdisciplinary
cooperation between EO experts and ecologists to effectively blend the data, knowledge
and information to further enhance the quality of ecological monitoring in the Arctic.

3.7. Arctic Vegetation Studies Using Remote Sensing

Variations in the timing of phenological phases in terms of the RS-based onset of
vegetation growth are sensitive bio-indicators of climate change. To address this issue,
Karlsen et al. [18] focused on the central part of Spitsbergen to study the onset of vegetation
growth. The authors prepared, analyzed and presented a time series of daily NDVI products
using cloud-free Sentinel-2. The NDVI 2016-2019 time series datasets were merged with
ground-based phenocam observations for mapping the onset of growth. The Sentinel-2
NDVI-based mapping and analysis of the onset of growth revealed significant variations
between the years. For example, except at higher altitudes, the onset of growth was more
than 10 days earlier in 2018 in comparison with 2017. The data presented in this paper
were not adequate to clarify these variations. Therefore, authors formulated a future study
to examine the connection between early growing season temperature and the timing
of snowmelt.
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3.8. Snow Remote Sensing in Svalbard

The first day free of snow and the timing of snowmelt are considered reliable markers
of the Arctic ecosystem’s status in response to global warming. This is mainly because the
last day of snow cover and snowmelt timing have a substantial impact on the phenological
characteristics of vegetation in Svalbard. In an attempt to assess the seasonal changes in
snow, Stendardi et al. [19] used a multi-sensor approach and analyzed the sensitivity of
the SAR backscatter to vegetation growth and soil moisture. The authors showed that the
C-band SAR data, combined with optical data, can be useful in monitoring the seasonal
changes in the timing of snowmelt in Adventdalen. The results also verified that vegetation
can be satisfactorily detected by the HV polarization channel. The late melting and resulting
disappearance of snow impart a further challenge in the monitoring of vegetation and
soil dynamics.

Changes in seasonal snow cover can be considered a sensitive marker of climate
change. In response to the changing climate in Svalbard, seasonal snow cover is expected
to undergo spatio-temporal changes owing to its sensitivity to temperature and precip-
itation changes. As vegetation is closely linked to snow cover, the timing of terrestrial
productivity is expected to change. Vickers et al. [20] used MODIS Terra data for the period
2000-2019 to produce a 20-year snow cover fraction time series data for Svalbard to study
changes in the timing of the first snow-free day (FSFD). The authors have investigated the
impact of changes in sea ice concentration (SIC) on FSFD and the effect of FSFD on the
phenological growing season. Their results showed obvious patterns of earlier FSFD in
the southern and central parts of the archipelago. On the other hand, the northernmost
regions exhibited minor changes toward later FSFD. Authors noticed that FSFD led to the
onset of the phenological growing season, with an average variation of 12.4 days for the
entire archipelago.

Snow models are complementary tools to EO- and RS-based observations for snow
cover monitoring, and may be used to fill in spatio-temporal data gaps in field-based obser-
vations. In a study involving overlapping periods of data coverage, Vickers et al. [21] used
three optical RS datasets and two snow models to study the similarities and inconsistencies
in snow cover estimates over Nordenskiold Land, Svalbard. A 20-year MODIS snow cover
dataset was calibrated using Sentinel-2 data. Snow cover fraction estimates, derived using
lower-resolution AVHRR and snow model datasets, were corrected using MODIS-based
snow cover data. This study practically demonstrated the effectiveness of using current-day
high-resolution datasets to improve the consistency of past low spatial resolution snow
cover datasets.

3.9. Hyperspectral Remote Sensing in Svalbard

Field-based hyperspectral measurements of ice and snow cover are important for the
calibration and validation activities of airborne and spaceborne hyperspectral imageries.
However, such measurements are strongly affected by the limited accessibility of data
services integrating spectral libraries with comprehensive descriptions of the observed
surface cover. To fill this knowledge gap for snow and ice cover, Salvatori et al. [22]
presented an updated version of the Snow /Ice Spectral Archive (SISpec 2.0). This version
is integrated into a web portal (https://www.cnr.it/en/institutes-databases/database /10
76/sispec-snow-ice-spectral-library-project, accessed on 12 January 2023), as exemplified
by various functionalities such as accessibility and interoperability.

3.10. Remote Sensing in Response to the COVID-19 Pandemic

The coronavirus (SARS-CoV-2) disease 2019 (COVID-19) pandemic impacted research
on Svalbard in a number of ways. In March 2020, Norway announced a nationwide
lockdown, including stringent measures to protect the Svalbard community from the
possible spread of the infection. Because of the lockdown, associated travel restrictions,
and quarantine regulations announced by various countries, most of the field campaigns
in Svalbard were cancelled by the first week of March 2020. Jawak et al. [23] highlighted
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the activities undertaken in response to the exceptional situation enforced by the global
pandemic of COVID-19. This study provides a first crucial point of view on general
response, potential wider impacts, consequences to other observing systems, and advice
for future directions related to field-based research in Svalbard.

4. Vision and Direction for Future Remote Sensing Research in Svalbard

Nearly all polar-orbiting EO satellites pass over or at a marginal distance from Sval-
bard, enabling high satellite track coverage. Its strategic location has facilitated Svalbard
to become the largest downlink site for polar-orbiting EO satellites. The high-latitude
geographic location of Svalbard has had a tremendous impact on scientific and monitoring
communities in three ways: (1) Regions of Svalbard and associated waters are frequently
well covered by EO satellite data, (2) RI in Svalbard offers numerous possibilities for
ground-based validation of satellite data for cross-disciplinary research in the Arctic, and
(3) effective use of EO satellite data has no adverse impact on the environment. However,
the growing volumes of in situ and RS data clearly show the need of using advanced
methods in artificial intelligence to make the best use of the ground, airborne, underwa-
ter and space-borne research infrastructure in Svalbard. Future research projects should
focus on aligning field campaigns and in situ data collection with upcoming satellite mis-
sions (e.g., NISAR, CRISTAL, CIMR and ROSE-L) to facilitate cal/val activities and the
construction of a sustained EO-based observatory for Svalbard science.

Glacier surface types and zones can be mapped using SAR and optical sensors by
applying either pixel- or object-oriented methods. In future, a fusion of various sensor
(optical/SAR) data and methods to generate high-resolution spatio-temporal datasets
should be considered. For summer seasons, high-resolution optical (multispectral and
hyperspectral) data has shown great potential to map surface change. For winter seasons,
frequent SAR studies are anticipated to complement optical sensor-based studies. A new
generation of VHR optical sensors such as WorldView Legion, Planet, and Pléiades NEO
with high temporal, spatial and spectral resolutions are expected to complement field data
and medium-resolution optical data such as Landsat series, Sentinel series and MODIS.

Scaling issues across spatial/spectral/temporal scales in Svalbard studies will be
essential going forward in stimulating knowledge acquisition from regional studies. This,
in turn, will allow researchers to derive Svalbard-wide information using a variety of
ground, airborne, underwater and space-borne sensors. Accordingly, training the new
generation of cryosphere scientists and field scientists in EO and RS skills is essential. In
this vein, SIOS hosts an annual RS training course (https:/ /sios-svalbard.org/Training,
accessed on 12 January 2023) on specific topics such as terrestrial/marine RS, hyperspectral
RS, and artificial intelligence methods in EO.

Future studies on Svalbard may also consider filling gaps highlighted by several
chapters in the State of Environmental Science in Svalbard (SESS) reports (https://sios-
svalbard.org/SESSreport, accessed on 12 January 2023) and the recent SESS synthesis
report (https:/ /sios-svalbard.org/SESSRecommendationsSynthesis, accessed on 12 January
2023). Additional gaps in snow research in Svalbard have been highlighted in the snow
agenda paper (https:/ /sios-svalbard.org/SnowResearch, accessed on 12 January 2023).
Future attempts are expected to fill these knowledge and data gaps using in situ and RS
data. Several attempts have been already started such as the Snow Pilot project (https:
/ /sios-svalbard.org/SnowPilot2022, accessed on 12 January 2023). In situ observations
will be enriched by the recently started Cryosphere Integrated Observatory Network on
Svalbard (CRIOS) project (https:/ /crios.pl/, accessed on 12 January 2023). Finally, cross-
disciplinary studies across various spheres of Svalbard using in situ, space-borne, airborne
and underwater platforms are expected to be conducted in future to address broad scientific
questions in Earth system science.
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Abstract: Svalbard Integrated Arctic Earth Observing System (SIOS) is an international partnership
of research institutions studying the environment and climate in and around Svalbard. SIOS is

developing an efficient observing system, where researchers share technology, experience, and data,

work together to close knowledge gaps, and decrease the environmental footprint of science. SIOS

maintains and facilitates various scientific activities such as the State of the Environmental Science in

Svalbard (SESS) report, international access to research infrastructure in Svalbard, Earth observation
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and remote sensing services, training courses for the Arctic science community, and open access to
data. This perspective paper highlights the activities of SIOS Knowledge Centre, the central hub
of SIOS, and the SIOS Remote Sensing Working Group (RSWG) in response to the unprecedented
situation imposed by the global pandemic coronavirus (SARS-CoV-2) disease 2019 (COVID-19). The
pandemic has affected Svalbard research in several ways. When Norway declared a nationwide
lockdown to decrease the rate of spread of the COVID-19 in the community, even more strict measures
were taken to protect the Svalbard community from the potential spread of the disease. Due to the
lockdown, travel restrictions, and quarantine regulations declared by many nations, most physical
meetings, training courses, conferences, and workshops worldwide were cancelled by the first week
of March 2020. The resumption of physical scientific meetings is still uncertain in the foreseeable
future. Additionally, field campaigns to polar regions, including Svalbard, were and remain severely
affected. In response to this changing situation, SIOS initiated several operational activities suitable to
mitigate the new challenges resulting from the pandemic. This article provides an extensive overview
of SIOS’s Earth observation (EO), remote sensing (RS) and other operational activities strengthened
and developed in response to COVID-19 to support the Svalbard scientific community in times of
cancelled /postponed field campaigns in Svalbard. These include (1) an initiative to patch up field
data (in situ) with RS observations, (2) a logistics sharing notice board for effective coordinating
field activities in the pandemic times, (3) a monthly webinar series and panel discussion on EO talks,
(4) an online conference on EO and RS, (5) the SIOS’s special issue in the Remote Sensing (MDPI)
journal, (6) the conversion of a terrestrial remote sensing training course into an online edition,
and (7) the announcement of opportunity (AO) in airborne remote sensing for filling the data gaps
using aerial imagery and hyperspectral data. As SIOS is a consortium of 24 research institutions
from 9 nations, this paper also presents an extensive overview of the activities from a few research
institutes in pandemic times and highlights our upcoming activities for the next year 2021. Finally,
we provide a critical perspective on our overall response, possible broader impacts, relevance to
other observing systems, and future directions. We hope that our practical services, experiences,
and activities implemented in these difficult times will motivate other similar monitoring programs
and observing systems when responding to future challenging situations. With a broad scientific
audience in mind, we present our perspective paper on activities in Svalbard as a case study.

Keywords: earth observation; remote sensing; COVID-19; Svalbard; earth system science; SIOS

1. Introduction

Svalbard Integrated Arctic Earth Observing System (SIOS) [1] is a Norwegian initiated
international consortium of 24 research institutes from 9 nations building and optimising
a sustained regional multidomain distributed Arctic observing system of long-term mea-
surements in and around the High-Arctic archipelago of Svalbard. The observing system
consists of long-term in situ and remotely sensed measurements in and around Svalbard
addressing Earth System Science (ESS) questions. SIOS research infrastructures (RI) can
be used for various current and future satellite missions for calibration and validation
(Cal/Val) activities. Eventually, integration of in situ and satellite-based measurements
will benefit the entire ESS community to address broad scientific questions. Within SIOS,
researchers can cooperate to access instruments, acquire remotely sensed and in situ data,
and address questions that would not be practical or cost effective for a single institution or
nation alone. SIOS focuses on cross-disciplinary processes and their interactions between
the different spheres, i.e., biosphere, geosphere, atmosphere, cryosphere, and hydrosphere.
The observing system strives to provide the members with systematic high-quality ob-
servations in a cost-efficient and environment friendly way. Other networks such as the
Sustaining Arctic Observing Networks (SAON)/ Arctic GEOSS, stakeholders, and users
outside the SIOS consortium also benefit from these data series. The SIOS Knowledge
Centre (SIOS-KC), located in the Svalbard Science Centre in Longyearbyen, is the central
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hub of SIOS. SIOS-KC coordinates the services provided by SIOS for the international
research community and ensures sustainability and maintenance of the network. The
services offered include: (1) integration of the distributed research infrastructure and
data to optimise the observing system, (2) access to the research infrastructure (SIOS AC-
CESS programme), (3) data management including storing and curating of scientific data
(ground-based, airborne and spaceborne), (4) tools and support for scientists to make use of
the extensive Earth observation (EO) and remote sensing (RS) resources available, (5) coor-
dination of logistical services, (6) training and education programmes, and (7) information
and outreach. EO and RS activities are important parts of the observing system as certain
key data can be measured with satellite-based observations. Over the past three decades,
tremendous developments in EO satellite missions have made significant contributions
to spatial-spectral-temporal sampling and subsequent extraction of geoinformation (GI)
from the Arctic. Due to the harsh and remote Arctic environment, there is a lack of basic in
situ observations that can support scientific understanding of key processes and support
operational services. Most of the existing data are collected via time limited research
projects, and many of these via manual and on-site work [2]. Svalbard is probably one of
those regions in the Arctic with the most in situ measurements spanning across various
spheres; still, there are massive gaps spatially distributed in various regions. Such data
gaps can be filled using frequent satellite-based acquisitions, new product generation using
EO/RS/GI, and integration of ground-based, airborne, and satellite-based measurements.

The novel coronavirus SARS-CoV-2 caused the current global pandemic of Coron-
avirus disease 2019 (COVID-19), resulting in massive infection and mortality around the
world [3]. Besides, situations like the pandemic have the potential to contribute to issues
related to exacerbating personal mental health and socio-economic inequalities. The virus
is still surging across the world in multiple waves of outbreaks in different countries,
causing considerable societal and global economic impacts. Many national governments
implemented lockdowns of various forms, including prohibition on large gatherings, travel
restrictions, and implementing or encouraging social distancing, to decrease virus spread
and reduce pressure on healthcare systems [4]. International researchers, including those
from SIOS member institutions, carry out field campaigns annually in different parts of
Svalbard and associated waters, especially focussing on Ny-Alesund, Longyearbyen, and
Hornsund. However, due to the sudden and rapid outbreak of the COVID-19, the World
Health Organization (WHO) declared a global pandemic on 11th March 2020 and most
nations closed their borders. Norway was locked down from the 13th of March 2020.
Because of the small community and limited health services in Longyearbyen, even stricter
measures were taken in Svalbard in comparison to mainland Norway. The worldwide
lockdown in the beginning of the Arctic spring season has affected many field campaigns
to Svalbard. Glaciologists and snow scientists (including those associated with biosciences)
were initially worst affected as spring is a crucial period to monitor changes in glaciers
and amount of snow stored in the catchments. Most of the scientists in the countries with
active Svalbard research activities, including Norway, were grounded. Some of Rls (e.g.,
Polish Polar research facility at Hornsund) were temporarily closed for visitors. By the
time Norway initiated the lockdown, also most of the planned conferences were already
cancelled (Figure 1), postponed, or converted to online mode. This was a completely new
situation and needed special attention.

COVID-19 has impacted the polar research in many ways since the beginning of the
year and it continues to affect future programmes. These include cancellation of field
campaigns, cancellation and/or postponement of important conferences, workshops, and
training courses, delays in delivery of scientific outputs because of shutdown of campuses,
cancellations and/or delay in funding and many more. Several transnational access
projects in the Arctic supported by EU-INTERACT (https://eu-interact.org/ (accessed
on 15 January 2021)) have been affected during the field season in 2020 with around
120 scientists had to cancel their field campaigns. Frame and Hemmings [5] reviewed the
potential impact of COVID-19 in Antarctica through tourism and scientific research over
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three (short-term, mid-term, and long-term) time periods. According to these authors,
Antarctic tourism and field-based research will be severely reduced in the short term. We
believe that this conclusion is also applicable to the impact on Svalbard field-based research
in a short term. In response to this situation, a few activities have been started by leading
networks such as Scientific Committee on Antarctic Research (SCAR) and International
Centre for Integrated Mountain Development (ICIMOD) on studying social aspects and
impact on communities due to COVID-19. ICIMOD has published a comprehensive report
on COVID-19 impact and policy responses in the Hindu Kush Himalaya [6]. COVID-19
has also heavily impacted scientific and logistical activities in Antarctica [7]. The Antarctic
COVID-19 Research Group of SCAR has conducted a survey [8] to learn more about
the impact of pandemic on the Antarctic research community. Outcomes of this survey
are expected to understand effects of the COVID-19 situation on the Antarctic science
community to inform strategic decisions to mitigate impacts. On the other hand, SIOS
focused more on mitigating short term impacts of COVID-19 during the core field season
in Svalbard. The Rapid Action on Coronavirus and EO (RACE) [9] platform launched by
joint cooperation between European Space Agency (ESA) and the European Commission
demonstrates the use of wide range of EO data from Copernicus Sentinels and third-party
missions to track societal, economic, and environmental changes in times of COVID-19
pandemic. Recent publications and services in literature highlight the contribution of EO
and RS in tracking the spread of virus and monitoring the pandemic events or the effect of
the lockdown on the environment [10-12]. Our study, however, is probably the first attempt
of highlighting the role of EO and RS for mitigating the damage in terms of possible data
gaps in long time data series of scientific observations in one of the most remote places on
planet Earth.
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Figure 1. Most conferences were either cancelled, postponed, or converted to online versions due to
the global COVID-19 pandemic.

SIOS-KC provides services including logistics, remote sensing, communication, on-
line events, training courses, data access, observation facility catalogue, and satellite data
visualisation on the website and provide support via online tools. In the beginning of the
pandemic (January—February 2020) in mainland China and Italy, regular activities were not
yet affected but SIOS-KC was alert and developed a pandemic plan of action. When the
Norwegian lockdown began on 13th March 2020, SIOS-KC quickly initiated several activi-
ties to adapt to the new situation. The Remote Sensing Working Group (RSWG) of SIOS
took an active part in developing new activities to keep the scientific community engaged in
these difficult times. SIOS responded with several initiatives: to keep international research
community up-to-date about the fast-changing regulations concerning travel restrictions to
Svalbard and to the different research facilities, a compilation of all relevant information
resources was made available on the SIOS web page; a logistics sharing notice board was
launched as a platform to offer and request help with issues related to cancelled field
activities during the lockdown; the SIOS remote sensing service published an offer to patch
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up field data gaps with RS techniques, and a monthly webinar mini-series was started
in March 2020 to provide a social experience and keep the Svalbard research community
engaged. SIOS also approached the situation with a general attitude of flexibility and
service mindedness, for example being generous with extensions to deadlines and trying
to find solutions to logistical problems in field campaigns. Detailed descriptions of these
activities are presented in this article.

2. SIOS’s Response to the COVID-19 Pandemic

In the following sections, we present our key activities conducted in the period March—
December 2020 in response to changes in travel restrictions in Svalbard in chronological
order (Figure 2).

2020

Svalbard and the pandemic slos and activiti Ci for SIOS

January
February

March

April

June

July

August
September

October

Outbreak in China
Outbreak in taly

26 Feb: First COVID-19 case in Norway

11 March: WHO declared a global pandemic
12 March: Lockdown for Norway, incl. Svalbard

announced *

13 March: Additional requirement of 14 days of
quarantine after arrival in Svalbard
15 March: All tourists in Svalbard are sent home

7 May: length of home quarantine upon arrival
in Norway reduced from 14 to 10 days

15 May: Quarantine requirement upon arrival
for Svalbard residents ends

1 June: Svalbard opens for Norwegian
visitors (incl restricted access for European

researchers) **

15 July: Svalbard opens for selected EU/EEA

visitors

3 Sept: Ban of cruises on Svalbard ****

1 March: Launch of EO and RS special issue

13 March: All fieldwork activities cancelled (UNIS)
March/April: 1st field campaign to Homsund cancelled
20 March: Airborne RS call opens (Univ Silesia)

27 March: Launch of montly webinars ‘An N
anchor point to a drifting world'

5 April: Launch of SIOS Logistics Sharing
Notice Board

10 April: Launch of ‘patch up field data with
RS’ service

p gy field campaign (Uio)
early April: InfraNor snow field campaign

cancelled (NORCE)

April: InfraNor buoy deployment postponed NIVA)

27 April: Start of selected field work (UNIS)

18 May: SEES expedition 2020 postponed
to 2021 (Univ Groningen)

4/5 June: SIOS online conference

15: June: Decision: Terrestrial remote
sensing training course moved online

5-9 June: MOSAIC expedition crew
exchange in Adventfiorden (AWI)
June: InfraNor buoy sucessfully deployed (NIVA)

22 June: SIOS-KC conducts field work JunelJuly: Field campaign after
in Hornsund 10 days of quarantine (7-17 June) in Oslo (University in
Groningen)

JunelJuly: Glaciology field campaign partially
sucessful (UiO)

31 Aug - 4 Sept: Terrestrial remote
sensing training course - online

August/September: 2nd field campaign to Horn-
sund sucessfully conducted (Univ Silesia)
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24 Sept: Decision: Snow workshop moved

11 of 14 access programme projects postponed to 2021 (one virtual access
project carried out, 2 physical access projects conducted in Feb/March)

Entire field season cancelled (CNR, NCPOR, UU, IG PAS, NIPR)

December
January

February

online
7 Nov: of 10 days 5/6 Nov: SIOS Core Data workshop - online
upon arrival in Norway and negative COVID-19 | 19 Nov: Marine Research infrastructure WS
test for visitors from red countries _online
Submission date: no registered 11-15 Jan: Polar Night Week - online
COVID-19 cases in Svalbard January: 2nd Call for airborne RS campaigns

2-6 Feb: Snow workshop - online

Figure 2. Timeline of events since outbreak of the pandemic, including travel restrictions related to Svalbard, Svalbard
Integrated Arctic Earth Observing System (SIOS) responses and activities and some examples of consequences for SIOS
member institutions. CNR: National Research Council of Italy; NCPOR: National Centre for Polar and Ocean Research,
India; UU: Uppsala University, Sweden; IG PAS: Institute for Geophysics Polish Academy of Sciences, Poland; NIPR:
National Institute of Polar Research, Japan; UNIS: University Centre in Svalbard, Norway; UiO: University of Oslo, Norway;
NORCE: Norwegian Research Institute, Norway; NINA: Norwegian Institute for Nature Research, Norway; UiT: UiT The
Arctic University of Norway; AWI: Alfred Wegener Institute, Germany. [* 14 days of quarantine after arrival in Norway
required, ** except EU/EEA countries with high infection risk (‘red countries’), *** no longer 10 days quarantine after arrival

in Svalbard required, **** For cruises with more than 30 people (crew and passenger), except day cruises].

2.1. Special Issue in an International Journal to Facilitate Publications from the International
Scientific Community

An unintended consequence of fortuitous timing of an already planned activity was
the launch of a special issue to facilitate publications from the international scientific
community in Svalbard. Since the beginning of March 2020, SIOS has hosted the special
issue “Earth Observation (EO), Remote Sensing (RS), and Geoinformation (GI) Applications
in Svalbard” [13] in the Remote Sensing (https://www.mdpi.com/journal /remotesensing
(accessed on 15 January 2021)) journal. This special issue is being edited by 12 experts from
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SIOS member institutions and SIOS-KC with a strong RS, GI and EO background. This
activity was not started in response to COVID-19 but was already planned at the beginning
of the year. However, this activity has since provided a platform for researchers to publish
their EO and RS based studies in Svalbard during a time when many are confined to home
offices. It also helps scientists to expedite their pending publications during lockdown
time.

2.2. SIOS Webinar Series: An Anchor Point to a Drifting World

This activity was SIOS’s first response specifically to the new situation, when the
RSWG launched the first of the SIOS webinar series on EO and RS. We aimed to provide
a social experience to the Svalbard research community to remedy the lack of a social
environment because of cancelled field campaigns and conferences by launching a webinar
series. The SIOS webinar series “an anchor point to a drifting world!” includes talks on EO
and RS [14] with expert scientists working on different environments of Svalbard, followed
by panel discussions (Figure 3). In our experience, keeping the community together in
times of chaos was a wise decision. All the talks of this webinar series are available online as
PDF and video files, which are open for the entire scientific community. This constitutes an
excellent learning resource for the research community, especially early career researchers.
Other online seminar series and events were announced subsequent to the launch of the
SIOS webinar series. The International glaciological society launched an IGS global seminar
series [15] on 15th April 2020. Polar Geospatial Centre (PGC) webinars [16] also gained
attention during the lockdown period. All these online events were a means to bring the
scientific community together and share their scientific results with the community in these
challenging times.

5%

Figure 3. In March 2020, SIOS launched a monthly webinar series to keep the SIOS community
engaged with each other and to provide a social experience. This webinar series acts as a symbolic
anchor point to a drifting Svalbard science community.

2.3. SIOS’s Online Conference on Earth Observation (EO), Remote Sensing (RS), and
Geoinformation (GI) Applications in Svalbard

Encouraged by the success of the SIOS webinar series and lessons learned from the
online version of the International Arctic Science Committee’s (IASC’s) Arctic Science Sum-
mit Week (ASSW) in the beginning of lockdown (March 2020), SIOS decided to host its own
online conference in June 2020 [17]. The conference aimed to (1) promote the opportunity
for PhD students, postdocs, researchers, scientists, and academicians to contribute actively
to SIOS’s special issue in Remote Sensing journal (MDPI), (2) review the state-of-the-art
EO/RS/GI applications in Svalbard and (3) provide a social experience to the Svalbard
scientific community. The conference was hosted on 4-5 June 2020. A total of 53 talks were
delivered, including 3 keynote talks and 3 invited talks, by presenters from 24 institutions
from 12 countries. Out of these talks, 14 talks were delivered by early career researchers.
A special session was hosted on the airborne remote sensing applications in Svalbard,
in which project investigators from the “SIOS announcement of opportunity in airborne
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remote sensing” delivered short presentations on the planned activities. Additionally, a
special session on EO and RS activities supported by SIOS was conducted. We also con-
ducted open remote sensing dialogue for the first time to receive inputs from the EO and RS
community on further developments on COVID-19 related activities. The participation in
the conference was wide, with more than 370 registered participants (around 140 attendees
on the first day and around 90 attendees on the second day). A very positive response was
observed on feedback polls with an average score of 9 out of 10 for all the presentations
(Table 1). Most of the presentations and an abstract book are available on the SIOS website
(https:/ /sios-svalbard.org/RS_OnlineConference2020 (accessed on 15 January 2021)) and
is an important knowledge resource in the pandemic times.

Table 1. Overview of virtual activities conducted by SIOS to bring the community together.

No. of Feedback

No. Webinar Theme Date No. of Talks No. of Attendees

Registrations (Out of 10)

An anchor point to a drifting
world: EO and RS

applications in Svalbard and

Registration was

1 . . 27 March 2020 5 . 55 ~8
panel discussion on not required
COVID-19 driven damage
mitigation in Svalbard
An anchor point to a drifting
world: EO and RS Registration wa:
2 applications in Svalbard and 24 April 2020 3 egistration was 48 ~8
. X not required
panel discussion on data
management
SIOS Online Conference on
3 EO, RS, and GI 4-5 June 2020 53 372 ~90-140 ~9
SIOS Terrestrial Remote
4 Sensing Training 31 August-4 12 163 ~40-50 ~8
. September 2020
Course-Lecture series
An anchor point to a drifting
world: Grand Challenge
Initiative (GCI) cusp rocket N
5 missions in Svalbard and their 23 October 2020 4 55 30 ~
relevance to atmospheric
6 SIOS Core data workshop 5-6 November 4 58 43 ~7
2020
SIOS Marine research 19 November
7 infrastructure workshop 2020 16 67 60 ~
An anchor point to a drifting
world: Marine science in
Svalbard—global to local
8 perspective and panel on the 2 N;g;én ber 4 124 65 ~9

outcomes of the SIOS marine

infrastructure network

workshop

2.4. Shifting from Physical to the Virtual Mode of Terrestrial Remote Sensing Training Course

After the successful and interactive online conference organised in June 2020, we
were still not confident that travel restrictions would be lifted in September 2020 when our
annual remote sensing training was planned to take place in Longyearbyen. Therefore,
on 15th June 2020, we decided to convert the training course to a fully online mode. With
this decision, SIOS wanted to ensure that applicants from all countries can participate in
the training course, independent of the current travel restrictions. SIOS held this online
training course [18] during 31st August—4th September 2020. The course covered topics
on how to effectively use EO and RS data acquired from satellites, from the air or from
the ground, and their associated tools and software in the context of terrestrial research
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in Svalbard. The course was intended for field scientists, PhD students, and technicians
with no or little experience with EO and RS techniques. The training was delivered by
ten EO and RS experts and international academicians. A virtual field excursion activity
and hands-on sessions were developed to make this training course to include practical
exercises. This was our first experience of hosting a fully online training course and the
feedback from this activity provided us with valuable insight into how to deliver future
online courses. Apart from providing training to selected participants, we also decided
to open the course lectures for anyone interested to join, as a special edition of our SIOS
webinar series. This essentially provided a free opportunity for many budding scientists
to learn new EO and RS skills necessary for Svalbard research. Around 150 registered
participants attended different lectures during the whole training course.

2.5. Patch Up Your Field Data with Remote Sensing Observations

Continuous long-term data is essential for modellers and other scientists for interpret-
ing and tracking long term changes and is an essential component of the SIOS observing
system. However, the pandemic situation posed a new challenge in measuring in situ
parameters due to travel restrictions and quarantine regulations in Svalbard. EO and RS are
thus more relevant in the current times than ever. While in the beginning we focused more
on online events and carrying out discussions with scientists, in the next step, we started
working on practical suggestions from the community to respond to their needs. The first
step was mapping the needs of researchers and evaluating the possibilities to provide
RS observations in the absence of field campaigns in Svalbard. Since we had no generic
solution, in the first stage, we wanted to understand the anticipated damage to data series
within the Svalbard scientific community. With the launch of the service “patch up your
field data with remote sensing observations” [19], we tried to help those scientists who
were unable to conduct field campaigns in Svalbard this year to fill the gaps in observations
using RS (Figure 4). The data collected from this tool would provide a summary of data and
logistics requirements from researchers, role of EO and RS observations in absence of field
campaigns, and mitigation measures that can be considered in the future similar situations
to save or fill the long-term time series of data and the continuous operation of instruments
in Svalbard. This strategy would probably be applicable to many cryospheric regions
including Antarctica and Himalayas, where field campaigns often need to be cancelled
or postponed. We believe that our initiative can be expanded to other regions to map
requirements from scientists to avoid gaps in essential data in the future.

2.6. Logistics Sharing Notice Board

One problem that arose during the onset of COVID-19 was by scientists that were
scheduled to maintain and download data from various installations, both as perma-
nent infrastructures in research facilities, but also temporary installations in the field.
In addition, field parties usually collect various data during the maintenance of the in-
stallations, essential to complement data collected by various stationary instruments. In
response to this tricky situation, SIOS came forward to provide a helping hand to look
after essential instruments in the field when scientists were not able to travel to Sval-
bard. Although we had started providing EO and RS based solutions, we realised that
there were many scientific observations for which it was not possible to fill the gap us-
ing only RS. As such, our next level of response to the changing situation was more
hands-on. In response to cancelled fieldwork in Svalbard, Svalbard Science Forum (SSF)
(https:/ /www.forskningsradet.no/en/svalbard-science-forum/ (accessed on 15 January
2021)) stepped forward at the very beginning of lockdown to help connect researchers in
need of support for field logistics by facilitating dialogues on a social media platform [20].
Since SIOS had already started developing the “Logistics Sharing Notice Board” for regular
sharing of information on logistics and resources, we decided to expand this activity to
meet the new challenge. The most significant issue at the beginning of the lockdown was
that most of the glaciologists who are visiting Svalbard every year at the beginning of
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March 2020 were now unable to travel and carry out fieldwork. In these special times, SIOS
offered to assist where possible to avoid gaps in long-term data series. SIOS introduced the
Logistics Sharing Notice Board [21] in April 2020, which gives an overview of the planned
fieldwork in Svalbard with the possibility to offer or request spare capacity (Table 2).

Figure 4. Overview of SIOS’s Earth observation (EO), Remote Sensing (RS) and operational activities
in response to COVID-19 pandemic including (a) Platform for publishing studies: SIOS’s special
issue in an international journal motivate scientists to consider submitting manuscripts in indoor
times. (b) EO and RS activities: Patch up missing data with remote sensing observations in times
of lockdown and travel restrictions. (c) Social experience and networking platform: SIOS online
conference as a platform to connect the Svalbard research community when physical meetings are
not feasible, and (d) Logistics Sharing Notice Board: a tool to help scientists in times of lockdown to
maintain their field instruments for the season.

Table 2. Fieldwork assistance requested via SIOS’s Logistics Sharing Notice Board (More details:
https:/ /sios-svalbard.org/logistic-notice-board# (accessed on 15 January 2021)). Those highlighted
with grey coloured background were not fulfilled because of logistics and technical constraints.
* Research in Svalbard, RiS Id (https://www.researchinsvalbard.no/ (accessed on 15 January 2021)).

Project Name/Brief

.. RiSID * Location in Svalbard
Description

No.

Hydro-condition of

Werenskioldbreen 2020 11198 Werenskioldbreen, Hornsund

3 Plant stable isotopes N.A Longyearbyen

Antibiotic resistance genes
and integrons as indicators
4 of biotic pollution and 11563 Longyearbyen
resistance load of Arctic
ecosystems
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SIOS-KC is staffed by professionals with fieldwork experience in a range of disciplines
including biology, environmental science, atmospheric sciences, glaciology, and EO/RS.
Therefore, we decided to make use of the SIOS-KC'’s expertise by offering to conduct
campaigns to carry out field measurements, collect and/or deploy equipment in the field
and carry out basic maintenance. This was also an opportunity for us to support local
businesses by cooperating with local logistics providers to solve such tasks alongside
the expertise of SIOS partners and SIOS-KC. This is significant for the current situation
because the tourist industry, including local tourist guides with extensive field experience,
is suffering heavily with loss of income due to dwindling numbers of tourists.

The first request entered on the notice board was from a glaciologist from Uppsala
University, who has been monitoring glaciological and meteorological parameters on the
Lomonosovfonna icefield since 2006. The team was hopeful in mid-March that they could
make it to Svalbard, but the travel restrictions to Svalbard made it impossible for them to
carry out their field campaign. The research group wanted to recover data and remove
instruments from the glacier before the sensors installed last year would be buried by
snow and eventually lost, and likely hard to recover after next winter. This would be a
huge loss in terms of funding and resources and create more than a year-long gap in the
data that has been monitored since 2006. They requested a rescue mission to save these
instruments, which SIOS-KC planned and was almost ready to execute. Unfortunately,
when a different scientific field party had an accident on another glacier, all activities on
glaciers were stopped to minimise the pressure on the limited search and rescue resources
in Svalbard and the plan to rescue the instruments was cancelled. This example highlights
the uncertainty in carrying out field observations in polar regions. More successful uses of
the notice board are described in Section 3.

2.7. SIOS’s Announcement of Opportunity (AO) in Airborne Remote Sensing—2020

In parallel to the efforts based on satellite data gap filling and ground-based logistics
support to scientists, we channelised dedicated funding for scientists to use aircraft and
unmanned aerial vehicles (UAVs) to collect data in Svalbard (https://sios-svalbard.org/
AirborneRS (accessed on 15 January 2021)). This is one of the best ways to fill the data gap in
the current situation as it is practically possible to conduct field campaigns using airborne
platforms despite travel restrictions with minimal resources. SIOS allocated 1 million
Norwegian kroner to cover 25 h of flight time in the field season of 2020 in collaboration
with its member institutions NORCE Norwegian Research Centre and University Centre
in Svalbard (UNIS). The available platforms offered aerial images, UAV images, and
hyperspectral data which will be freely available to scientists [22]. In total, 10 scientific
research projects (Table 3 and Figure 5) were able to acquire aerial images and hyperspectral
data from various locations in Svalbard through this initiative. The aircraft Dornier DO228
aircraft operated by the local company Lufttransport is permanently stationed on Svalbard
and used regularly for transporting personnel and cargo to the science community in
Ny-Alesund and mining community in Svea. The aircraft has recently been fitted with a
camera (Phasone IXU-150, Schneider LS 55 mm f/2.8) and a hyperspectral imager (VNIR-
1800, Norsk elektrooptikk) (Figure 6). The hyperspectral sensor images the ground in 186
spectral bands covering the range 400-1000 nm. Hyperspectral data can be used to map
minerals, vegetation, and the presence of animals. In addition, aerial photos have many
uses in Svalbard, such as mapping snow, sea ice, and glaciers, counting seals, and making
3D models of the terrain. The cameras installed on the Dornier aircraft can acquire images
with a ground resolution of 10 cm from flight altitude of 1000 m. A big advantage for this
platform is that we can acquire images when it is cloudy above the airplane, unlike satellites
that depend on cloudless conditions—something which can be a rare sight on a typical
Svalbard summer. This is a well-timed activity which coincided with scientists who usually
travel to Svalbard every year to continue their scientific measurements being grounded
in their home countries. Data collected from the SIOS funded airborne missions will not
only help to fill a few of the data gaps resulting from the lockdown, and will be used by
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glaciologists, biologists, hydrologists, and other Earth system scientists to understand the
state of the environment of Svalbard during these times.

Table 3. Airborne remote sensing projects from SIOS’s announcement of opportunity (More details: https:/ /sios-svalbard.
org/AirborneRS (accessed on 15 January 2021)). Those highlighted with grey coloured background were not implemented
because of logistics and technical constraints.

No. Project Name/Brief Description RiS ID Location in Svalbard

1 Mapping surface properties on Lomonosovfonna (SurfPro) 3395; 3231 Lomonosovfonna

Kongsvegen surge: Digital Elevation Model 2020

2 (KING_SURGE_DEM?2020) 11431 Kongsvegen
3 Airborne Remote Sensing in South of Spitsbergen (current 10511, 11411, 10218, Wedel-Jarlsberg Land
evolution of polar environment) (AirborneSOS) 6823, 11500 (Southwestern Spitsbergen)
Hindcasting and projections of hydro-climatic conditions of .
4 Southern Spitsbergen (HyMote) 11198 Southern Spitsbergen
5 The Vanishing White (VANWHITE)-Airborne Remote 11411 Coraholmen and Flintholmen

Sensing campaign Svalbard 2020.

Automatic system for monitoring vegetation and
6 environmental seasonal changes on Svalbard using 11063 Adventdalen
hyperspectral data (ASMoVEn).

Long term changes in vegetation and permafrost in

7 Rosenbergdalen (Rosenbergdalen) 11497 Rosenbergdalen
3 Barnacle Goose Ecology: interactions with a changing 6359 Ny-Alesund and
environment (GOOSE) surroundings
9 De-icing of Arctic Coasts: Critical or new opportunities for N/A Adventdalen and
marine biodiversity and Ecosystem Services? Agardhfjorden
Icebergs study by Centre for Integrated Remote sensing and
10 Forecasting for Arctic 10373 leebergs around

Operations (CIRFA) Nordaustlandet

The call for access to aerial photos opened at about the same time as Norway closed
down in March 2020, scientific review and logistics feasibility was done during May, and
we began aircraft missions at the beginning of June 2020. In September 2019, NORCE had
already conducted pilot missions to test sensor performance, and while planning these
flight campaigns researchers were invited to request data from their area of interest. These
test flights helped us to rapidly plan and execute this first operational activity in the time
of the pandemic when it is most relevant for the scientific community. Researchers will
be able to analyse the data from the aerial photographs by comparing them with satellite
data and their own measurement series from previous fieldwork. Such comparisons are
important both for researchers working on Svalbard and for owners of Earth observation
satellites for validation of satellite data.

One of the major goals of SIOS is to work towards reducing the environmental
footprint of scientific observations. Therefore, SIOS strongly supports and coordinates the
usage of UAVs and aircraft platforms to acquire aerial imageries and hyperspectral data for
the Svalbard research community. The most significant advantage of this activity is that the
Dornier is always stationed in Longyearbyen. With its regular flights to Ny-Alesund and
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Svea, it makes it even more economical to collect data from the regions that are covered by
the flight route. Flights to Villum Research Station at Station Nord, Greenland expands
the applicability of these missions outside Svalbard. All the data collected during these
missions will follow the FAIR principles [23]. The huge volume of airborne data being
collected during these missions will make Svalbard one of the richest regions on the Earth in
terms of the amount of hyperspectral data available. This years’ flight missions continued
until mid-September and currently we are planning our next call of opportunity to use the
aircraft and UAVs for flight operations in 2021. This call would add more value to fill the
gaps for consecutively two years as we are still not sure whether scientists would be able
to carry out field activities next year yet.

Figure 5. All flight lines covering an area of approximately 700 sq. km in the period 09 June 2020-20
September 2020. Ground resolution varies between 10-30 cm for the RGB images and 20-50 cm for
the hyperspectral data.

(a) “(b)

Figure 6. SIOS-NORCE aircraft-based sample imagery and hyperspectral data over Svalbard. (a) A RGB (460 nm, 550 nm
and 640 nm) composition of three hyperspectral lines at the bottom of Kongsvegen glacier and (b) an image of the coastline
at Agardhbukta.

24



Remote Sens. 2021, 13,712

2.7.1. Possible Use of Dornier Based Image Acquisition to Fill the Data Gap in Various
Fields of Science in Svalbard during Pandemic Times

The successfully completed flight campaigns in 2020 have been indicated as a flight
map (Figure 5). SIOS hopes to attract more researchers and anticipates an increase in the
number of requests in 2021. This effort can be continued even after the pandemic to reduce
the environmental footprint of observations. The flights over Lomonosovfonna will be used
to reconstruct mass changes for the mass balance years 2019-20 and 2020-21 by using high
resolution RGB photography from the aerial missions in September 2020 to create a digital
elevation model and compare the airborne digital elevation model (DEM) with the DEMs
created from mobile differential global positioning system (dGPS) campaigns in spring
2019 and planned in 2021. The high resolution DEMs will also be used to identify newly
opened crevasses and utilise safer routes along the glaciers for the spring 2021 to minimise
the risk of accidents. The flights over Flintholmen and Coraholmen will be used for
mapping of lichen vegetation extent and health in the region using different combinations
of spectral bands and indices from hyperspectral data. Acquisition of hyperspectral
data is critical to accurately detect and map lichen and biological soil crust dominated
vegetation communities. Complementary on-site fieldwork was conducted (carbon flux,
carbon economy, albedo, species abundance, and other relevant vegetation features) by
NINA /UiT in the same week as the acquisition of hyperspectral data in July 2020.

2.7.2. Applications of Unmanned Aerial Vehicles (UAVs) in Svalbard during the Pandemic

During recent years, the use of UAVs has become an important element for earth
observation activities—especially in Svalbard [24]. Typically, UAV-based fieldwork is
conducted during spring and summer in Svalbard. In spring, cryosphere studies in remote
locations can be reached with snowmobiles. In summer, most sites are accessed by boats or
by foot. UAV fieldwork in the summer is conducted in a wide range of disciplines, most
of which require snow-free ground conditions (e.g., biology, geology). The impact of the
pandemic on UAV applications in Svalbard is hard to assess because no complete overview
of planned field activities exists. However, we have a good overview of UAV-based field
applications that were conducted in cooperation with SIOS and UNIS—although only on
an anecdotal basis. For example, campaigns have been conducted by various groups in
UNIS, NTNU, NIVA, the Nicolaus Copernicus University in Torun. Other campaigns have
been cancelled by NORCE, Czech Academy of Sciences, University of Silesia in Katowice,
and UNIS.

During the early phase of the pandemic in the spring, all fieldwork activities including
UAV operations were stopped due to the lockdown. The local situation relaxed after Easter
and field excursions with low risk were permitted. In practice, this meant that day trips
around Longyearbyen were made possible again. During this time, strict international
travel restrictions were in place in Europe, which meant that only researchers located in
Svalbard had the opportunity to conduct fieldwork. This left a window of less than a
month for snowmobile fieldwork until the snow cover disappeared in mid-May. This was
a severe limitation, especially to cryospheric studies.

During the summer, international travel restrictions were relaxed which allowed
researchers to travel to Svalbard for fieldwork. A 10-day quarantine had to be fulfilled on
the Norwegian mainland before onward travel to Svalbard, resulting in it being mostly
Norwegian scientists making the journey. However, some other nationalities, especially
German, Polish, and Czech are also known to have come to Svalbard. To our knowl-
edge, several UAV-based field activities have been conducted based in Longyearbyen,
Ny-Alesund, and Hornsund. UAVs were used for fieldwork in wide range of disciplines,
including glaciology (glacier mapping), biology (vegetation index mapping), geology (out-
crops mapping), cultural heritage preservation (mapping), and meteorology (atmospheric
measurements). Most of these activities were conducted with simple, off-the-shelf UAVs
and to our knowledge no advanced UAV operations occurred. It should be noted that
field activities usually require a good amount of planning and preparation. As a result,
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several summer campaigns were cancelled in March and April because the confusing and
unpredictable pandemic situation prevented proper planning.

In summary, the assessment of the impact of the pandemic on UAV-based fieldwork is
difficult and must remain incomplete. To our knowledge, most UAV fieldworks during
the springtime (March-June) were cancelled or postponed. Fieldwork in the summer
and thereafter seemed to be conducted more successfully. This means that the largest
knowledge gaps due to the pandemic are occurred in long-term studies in the cryospheric
sciences. We know of at least one case where long-term monitoring of crevassed glaciers
with UAVs was substantially affected by the lockdown, severely limiting their scope [25].

2.8. Ongoing and Upcoming Activities in Times of Pandemic

Our regular activities such as the ACCESS programme [26], that provides an oppor-
tunity to scientists from around the globe to utilise research infrastructure in Svalbard,
have been affected badly by the current crisis. Due to COVID-19, 11 of the 14 projects that
were funded in the 2019 call were postponed until 2021. The SIOS ACCESS programme
supported the lunar aerosol optical depth (AOD) intercomparison campaign carried out
in Ny-Alesund in February 2020 (https:/ /sios-svalbard.org/ AOD_intercomparison_2020
(accessed on 15 January 2021)). The NY-alesund TurbulencE Fiber-Optic eXperiment
(NYTEFOX, https:/ /sios-svalbard.org/NYTEFOX_2020 (accessed on 15 January 2021))
is a project led by the University of Bayreuth and supported by SIOS. This project was
also fortunate enough to complete fieldwork before the lockdown in Norway started.
These are the only planned projects supported by SIOS that successfully completed their
field campaigns in Svalbard in 2020. In addition, a virtual access project was completed
(https:/ /sios-svalbard.org/SWESOS_2020 (accessed on 15 January 2021)). It was antici-
pated that SIOS partners would have reduced capacity to accept new projects in the 2020
call because their research facilities /infrastructure were underutilised in 2020 and are ex-
pected to be under pressure in 2021 by national programmes. It was also considered likely
that fewer applications would be received due to the uncertainty for researchers when
planning field campaigns. We did not anticipate that virtual (access to data) or remote
(sample collection by local operators) access will be affected by COVID-19 and saw the
current situation as an opportunity to promote these options and increase remote support
to scientists. When the call for access closed on 30th September 2020, 17 applications had
been submitted, down from 29 in the 2019 call. For the first time we received applications
for remote access to the research infrastructure, 3 in total. This shows how researchers are
changing their behaviour in response to the current crisis.

Another regular activity of SIOS is the annual State of Environmental Science in
Svalbard (SESS) [27] report. The report involves collaborative writing of a chapter by a
team of authors but planned meetings and writing workshops have had to quickly move
online in response to the pandemic. Despite this, the writing teams have worked hard and
managed to deliver their contributions to the report in time. The report will be released in
January 2021 and contains 11 chapters and a joint statement with topics ranging from the
upper and lower atmosphere, pollution, coastal ecosystems, hydrology to snow cover and
permafrost (Figure 7). Several chapters are focussing on remote sensing methodologies
and almost all have remote sensing sections included.
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Figure 7. The State of Environmental Science in Svalbard (SESS) report 2020 includes chapters on the use of satellite images
and in situ cameras to estimate snow cover, a review on unmanned aerial vehicle (UAV) activities and many more. The
report can be downloaded from the SIOS website: https://sios-svalbard.org/SESS_Issue3 (accessed on 15 January 2021)
(Mustration: Floor van den Heuvel).

3. Success Stories from SIOS Initiatives

The academic response of COVID-19 [28] shows that writing papers for scientific
publication has been the most common task during the pandemic as this task can readily
be performed remotely. The SIOS special issue which was launched in the beginning
of the March-2020 proved to be an effective platform for researchers to publish their
research. At the time of writing, we have 3 submissions [29,30] in this special issue. The
top-five presentations by early career researchers from the SIOS online conference have
been selected and the authors have been invited to submit full manuscripts to the special
issue. In addition, SIOS’s regular activity of SESS report provided an additional platform
for scientists to write a collaborative report on Svalbard science.

We have received a few inputs on our mapping of the requirements from researchers
and how SIOS can help fill data gaps using EO under “patch up your field data with RS
observation” service. A group of researchers are trying to investigate the aerodynamic
roughness length of crevassed glaciers, which influences the rate at which the glacier is
exchanging heat with the atmosphere. With globally rising air temperatures, this mecha-
nism is likely to lead to an accelerated warming and melting of highly crevassed glaciers.
During this project they aimed to conduct UAV-based RS on crevassed glaciers on Svalbard.
UAV flights were planned to map the glaciers and then the aerodynamic roughness length
would be estimated based on the high-resolution digital elevation models (DEMs). How-
ever, the researchers were unable to conduct most of the spring and summer fieldwork.
This means that they lack data for several glaciers (e.g., Nordenskildbreen, Wahlenberg-
breen, Tunabreen, Mohnbukta), as well as a time-series that they planned to build (e.g., on
Tunabreen). Researchers hoped to conduct as much fieldwork as possible in the summer,
but it was not possible to fulfil all missions during the spring and early summer because of
restrictions on field activities and lack of field personnel. Researchers are now investigating
the possibility to use some satellite-based RS to estimate aerodynamic surface roughness
on glaciers. UAV based data collected using limited flights in summer can be used for
validation of the results retrieved from satellites.
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A PhD student had planned her field campaigns in April and August 2020 to un-
dertake ground penetrating radar (GPR) measurements to study the bedrock of glaciers
and subglacial landforms, e.g., overpassed moraines. The spring campaign and GPR mea-
surements were cancelled because of travel restrictions. Due to the lack of aerial images
from the southern part of Wedel Jarlsberg Land, she would instead have to work on an
older DEM which might affect the results of the study. Without her field campaigns she
would not be able to understand the morphological changes in the glacier and estimate
the relative age of glacial landforms. Further, without this data it will be difficult for her
in working with her doctoral research without prolongation of her schedule. However,
the team conducted geomorphological analysis over one glacial moraine with the use of
UAV during August/September 2020. With the acquired aerial images and hyperspectral
data she is able generate a DEM for geomorphological analysis and vegetation analysis for
estimating the relative age of glacial landforms. Photos from UAV collected during summer
will be used to validate data generated from photos collected by Dornier aircraft. In this
example, it is evident that the SIOS support to acquire airborne data was very important to
fill the data gap.

Another researcher had planned to conduct continuous velocity measurements of
Hansbreen using dGPS over the period August-September 2020, operating mainly from
on the Polish Polar Station Hornsund. This project was designed to expand current glacial
monitoring and integrate it with oceanographic monitoring. The research group collected
dGPS measurements, atmospheric and marine observations on the Hansbreen and in the
Hornsund fjord during summer 2020. Additionally, terrestrial laser scanning was used to
collect data over the Hansbreen front. The ground control points (GCP) measured with
dGPS technique will serve to generate DEM from aerial imagery captured by Dornier
aircraft in June 2020. Field data together with the aerial imageries will allow them to
estimate the velocity of Hansbreen in the period July-August 2020.

A team of researchers had planned a series of activities including acquiring aeropho-
togrammetry data by UAV in order to generate a digital elevation model, radio-echo
soundings on Werenskioldbreen and Hansbreen, digging snowpits, and collecting snow
cores. However, because the field campaign was cancelled, they were left with a gap in the
perennial continuity of geophysical data collection (radio-echo soundings), and lack of data
from manual snowpits for data validation, causing a lot of damage to this scientific study
to understand glacier behaviour. In order to fill the data gaps and mitigate the damage
this season, the team has requested to use the Dornier to acquire airborne remote sensing
data to process and obtain a DEM of Werenskioldbreen and Hansbreen, southwestern
Spitsbergen. The DEM will be used to determine the internal structure of the glacier as a
response to glacial processes and complex environmental conditions. The DEM will be
combined and compared with other data from this region (e.g., geophysical).

The SIOS team received a few requests on the Logistics Sharing Notice Board. One
of these requests was from the University of Silesia in Poland, who needed help to install
instruments and collect samples in Wedel Jarlsberg Land. We were able to organise a
short fieldwork campaign in the vicinity of the Polish Polar Station Hornsund in close
cooperation with the University Centre in Svalbard (UNIS). Our team spent three days at
the Baranowski Station (University of Wroclaw) next to the Werenskioldbreen maintaining
automatic weather stations, time-lapse cameras, water gauge station, collecting water
samples and measuring the water runoff in two catchments. More information on the
fieldwork conducted in June 2020 as available online: https:/ /sios-svalbard.org/News_
20200703 (accessed on 15 January 2021). At this point we have fulfilled a few supporting
campaigns to help scientists collect essential data and save instruments in these difficult
times. The number of tourists visiting Svalbard is at a record low and this is accompanied
by record high unemployment in Longyearbyen, especially among tourist guides. In this
difficult situation, SIOS has tried to involve local skilled guides in scientific measurements
which is a need of the hour. These activities will surely make a difference in paying back to
our society in these challenging times.
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SIOS has also taken the opportunity when many of our collaborators are confined
to their offices and home offices to discuss new initiatives. One examples of such is the
developing marine infrastructure network, which will be a forum for discussing all aspects
of marine observational infrastructure (technical solutions, data sharing, measurement
gaps, logistical cooperation). The inaugural workshop of this network was held online in
November 2020. Networks such as these are extremely important to SIOS, as it helps the
scientific community to be more robust in response to future disruptions such as pandemics.
It is envisioned that should a similar situation occur, it may be possible for partners to
cooperate to ensure the most essential mooring maintenance is carried out. By creating
an integrated mooring network within which data are shared we can also ensure greater
spatial coverage of essential variables, which makes the loss of data from one mooring less
critical than it would otherwise be.

4. Response of SIOS Member Institutions to Mitigate Damage Caused by COVID-19

In this section, we focus on examples of activities conducted by SIOS member institu-
tions in response to the COVID-19 pandemic.

Cancellation of the spring expedition of University of Silesia to Hornsund affected
many researchers and students. Students of the International Environmental Doctoral
School [31] could not conduct field work of their projects. The service and maintenance of
automatic weather stations (AWS) was also suspended. As the Dornier aircraft collected
data over Hornsund only once, scientists were not able to realise plans such as: analysis of
geometry changes of Hansbreen glacier, dynamics of the glacier, evolution of glacial zones
of Hansbreen and Werenskiolbreen, producing vegetation health maps, analysis of snow
cover extent in the coastal zone of Hornsund fjord and continuation of a sedimentological
study of a glacio-marginal landform and glacio-fluvial deposit at Werenskioldbreen. How-
ever, after relaxation of lockdown in July 2020, the team was able to conduct a summer
field campaign in August/September 2020 to partly fill the gaps with the fieldworks such
as measurements of Hansbreen surface by terrestrial laser scanning, dGPS measurements
of mass balance stakes on Hansbreen and collecting imagery with UAV over the glacial
moraine. This limited field data will be used as validation data for Dornier based aerial
imagery. Aerial images from Dornier aircraft in connection with field data will enable the
team to fill certain gaps, e.g., orthophotos together with laser scanning data will be used to
estimate glacier velocity, DEMs from aerial photos will be used in geomorphological and
glaciological analysis and hyperspectral data will be used for assessment of age of glacial
landforms based on succession of vegetation.

Major parts of the annual field campaign of the Institute of Geophysics Polish Academy
of Sciences (IG PAS) in Hornsund during the spring—autumn 2020 were affected by the
pandemic. In Spring, the research facility in Hornsund closed to visitors of any origin,
while in the late Autumn the disruption was mainly due to travel restrictions to Svalbard. A
longstanding Hansbreen glacier mass balance monitoring programme was heavily affected,
as glaciologists failed to reach the research facility in Hornsund. For safety reasons, crew
from the research facility only managed to conduct limited snow depth measurements
at the accessible mass balance stakes installed on the glacier. The lack of a specialised
team in the field lead to gaps in measurements of glacier velocity and snow stratigraphy.
In the autumn, ablation was measured at only 3 stakes. Most of the stakes melted out,
as maintenance of the stake network planned for Spring 2020 failed. IG PAS plans an
extensive field campaign in Spring 2021, to rebuild the stake network and estimate mass
balance of Hansbreen glacier. It is planned to use EO and RS products provided within the
SIOS framework to establish new mass balance monitoring network.

The Norwegian Institute for Nature Research (NINA) and UiT The Arctic University of
Norway field campaigns (ASMoVEn) (https:/ /www.researchinsvalbard.no/project/8922
(accessed on 15 January 2021)) were delayed due to travel restrictions from late April
/ beginning of May to beginning of June 2020. The plan was to set up near-surface
remote sensing racks and a spectrometer in Adventdalen as a part of the SIOS-InfraNor
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project. Apart from the early setbacks, fieldwork was conducted smoothly with a new
visit to Adventdalen carried out during 19-26 July 2020. Description of vegetation (species
cover/frequency) was conducted (by UiT) on the sites where the instruments are situated.
The racks and instruments were taken down for maintenance and retrieval of data in the
last week of September 2020. Data gaps that exist during spring and some of dates in
summer can be replaced by available cloud-free satellite data from Moderate Resolution
Imaging Spectroradiometer (MODIS Terra and Aqua) and Sentinel-2A /2B if they exist.
The collection of data from the rack-sites and the FLoX-spectrometer was successfully
accomplished and the team will begin analysis of the spectrometer data in order to assess
them against carbon-flux data from the eddy covariance tower situated nearby. SIOS
airborne campaigns in Adventdalen were carried in three periods, and the instruments on
the racks and spectrometer act as controls/calibration on the ground. Especially, the early
acquisition airborne campaign during May-June may fill a gap during spring when the
team was not able to monitor the vegetation properly due to travel restrictions.

A team of scientists from Uppsala University cancelled their whole field campaign in
2020, but a few essential tasks of maintenance and replacement of instruments were taken
care of by engagement of residents in Svalbard. The research team is hopeful to make best
use of aerial images and hyperspectral data acquired by Dornier aircraft-based sensors.
Even after relaxation of lockdown in July 2020, it was too late to organize helicopter-based
operations in the field site. The team worked indoors during the lockdown period to fill
missing observations using EO and RS and also organise maintenance of instruments with
the help of local residents in Svalbard. Around 75% of field data has been lost during
the field season and we spent only a fraction of the budgeted costs. Organising a field
campaign by involving residents has been emerged as an effective alternative for field
activities, even after pandemic times.

Researchers from NORCE Norwegian Research Centre cancelled a 10-day field cam-
paign involving UAV, GPR, and snow science satellite validation in March 2020, the week
after lockdown was announced, while equipment was already shipped to Longyearbyen.
To fill the data gap, the team ordered satellite acquisitions by TerraSAR-X but in situ ob-
servations could not be carried out. Parts of the scientific objectives related to measuring
snow water equivalent with a UAV borne ground penetrating radar was performed in
Tromse in late April. Accordingly, some of the scientific objectives of time series of snow
product development were met, but without Cal/Val activities with in situ measurements
as this needed to be done in the spring season before the snowmelt. Further, NORCE chose
to cancel a field trip to the Longyearbyen area in the last half of May. The purpose of the
trip was to place time-lapse cameras (trail cameras) for phenological observations. These
cameras have been used since 2014 and capture photos each hour between 10 a.m. and
3 p.m. every day from late May to mid-September, and the images then show the plant
development. These images are then used as validation data for MODIS and Sentinel-2
data in mapping onset, peak, and end of the growth season.

The Japanese biological field campaign of National Institute of Polar Research (NIPR)
was postponed, and maintenance of field equipment was not completed in 2020. The team
is looking into the availability of hyperspectral cameras for considering possible future
monitoring remotely. Japanese researchers left Svalbard in the critical period of middle of
March when the lockdown period started. In the middle of October, they could revisit the
field, however the ground was already frozen and no maintenance of ground sensors was
possible.

The University of Oslo (UiO) had to cancel or postpone many of the planned field
campaigns but managed to conduct three on short notice: installation and replacement of
autonomous instruments on Kongsvegen glacier related to glacier hydrology and glacier
dynamics; test and application of novel miniature loggers to explore subglacial drainage
systems; exploration of ice-filled permafrost cases around Ny-Alesund to assess soil dy-
namics and sorting in them. Whereas the two last ones cannot be supported much or even
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replaced by RS, the team will use high-resolution satellite radar and optical images to
supplement the glaciological ground measurements on Kongsvegen.

The Pandora spectrometer instrument was installed by the Norwegian Institute for
Air Research (NILU) at Sverdrup research facility in Ny-Alesund in 2019 and calibrated in
March 2020. This acts as a fiducial reference measurement for the Sentinel-5P mission. Being
permanently mounted at the Sverdrup station and self-calibrated and remote-controlled,
the Pandora spectrometer is relatively invulnerable to general travel cancellations and
postponed campaigns during the Covid-19 outbreak. However, manual, and physical
inspection of the instrument is required on a regular basis, especially in the winter season
when there is a need to remove snow and ice on the sensor head and cables. The manual
inspection is performed by local operators in Ny-Alesund, and there is thus a risk for
less maintenance, or worst-case scenario critical damage, of the instrument linked to a
COVID-19 disease outbreak affecting the daily operations at the station.

The characterisation of the snow optical behaviour is usually performed during field
surveys that require efforts in terms of preparation. Accordingly, one field campaign sched-
uled by National Research Council of Italy (CNR) during April-May 2020 in the framework
of the iCUPE H2020 project [32] was cancelled due to the COVID-19 related restrictions and
the relaxation of travel restrictions announced right at the end of the snow-melting season.
The need for ground observations during the pandemic times has been attempted to be
met by using in situ facilities such as time-lapse cameras and the Continuous Reflectance
Monitor (CReM) that are continuously operating in the Ny-Alesund area. While time-lapse
cameras are facilities already operating in the area for decades, the continuous detection
of the snow spectral reflectance is an innovative tool based on different setups [33,34].
The CReM setup and time-lapse cameras are operating at the Amundsen-Nobile Climate
Change Tower in Ny-Alesund and provide detailed information about the spectral be-
haviour of snow in the visible and in the short-wave infrared wavelength domains. The use
of the Zeppelin webcam image time-series [35] processed using the automatic classification
algorithm described by [36], provided information about the snow cover at different spatial
scales. The ground-truth data collected by these instruments provides a quick solution
for studying the melting season even if fieldwork is limited by the pandemic situation.
The heavy impact of travel restrictions forced the team to use time-lapse cameras and the
development of terrestrial photography applications in order to substitute field campaign.
All the collected images, even if they do not replace direct snow reflectance measurements,
can be integrated with the continuous data taken from the CReM and with those remotely
sensed. The combination of different data sources could represent a valid approach for
reconstructing the seasonality of the snowpack and the vegetation phenology. In spring
2021, the team is planning to install updated instruments and to evaluate drifts in old
devices. Possibilities of making easy-to-install devices are being considered so that in
the unfortunate case of cancelled field campaigns in future, they can be substituted by
involving local residents in installing and maintaining instruments. This example shows
the need of the development of innovative technology to make future field instruments in
the Arctic which can be handled easily by indigenous people and residents. For broader
relevance in the future, the team created strong synergies with international partners aimed
at creating a network and harmonising the different procedures related to terrestrial camera
infrastructure operations. Furthermore, the creation of a network focused on “terrestrial
Photography ApplicationS on Snow covEr in Svalbard” (PASSES) [37] could be a seed for
the growth of a camera network useful to the research community for compensating, at
least partially, the lack of field observations in future.

As is the case with most of the in situ observational programmes around Svalbard from
different organisations, the Indian Arctic Programme (IAP) of the National Centre for Polar
and Ocean Research (ESSO-NCPOR) has been significantly affected by the restrictions
imposed due to the COVID-19 pandemic resulting in cancelling all the field activities
in Svalbard for the year 2020. The field visits which start around the same time as the
national lockdown (March) by glaciologists, atmospheric scientists, and oceanographers
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were completely hampered by international travel restrictions. All such field campaigns
for the current year, and probably for next year as well, had to be cancelled. This creates
significant discontinuity for the in situ observations that are systematically recorded every
year around the same time. Unlike the neighbouring countries in Europe, international
travel restrictions imposed in India did not allow for field campaigns even after the
first phase of lockdown in Svalbard was relaxed around mid-July. This has particularly
affected the projects dealing with mass balance studies of targeted glaciers around Svalbard
(e.g., Vester Broggerbreen, Feiringbreen), permafrost health monitoring, terrestrial, and
marine biodiversity projects. However, the automated instruments used for observation
of different multi-disciplinary parameters of the fjord and atmosphere have produced
valuable information uninterrupted. Furthermore, with the help of the local company
Kings Bay AS, a few planned CTD castings could also be conducted in the fjords. The major
effect on these automated instruments was in terms of their routine physical check-up
and calibrations, particularly when they remain unattended during a long period of time
in winter. However, the observations from these instruments could be very crucial to
decipher the effect of the pandemic and associated restrictions on different environmental
parameters in Svalbard.

At the beginning of lockdown, the Norwegian Institute for Water Research (NIVA)
had to postpone the annual deployment of the SIOS-InfraNor buoy in Adventfjorden until
June 2020 when the travel restrictions were relaxed. Additionally, NIVA cancelled a few
cruises with the cargo ship M/S Norbjern. All the field sampling activities and laboratory
experiments of the FreshFrate project (funded by the FRAM centre), addressing effects
of freshwater runoff on Svalbard’s coastal ecosystems, have been postponed to 2021 due
to travel restrictions. The relaxation of lockdown did not help NIVA researchers as the
sampling strategy was focused on seasonal variations which cannot be captured when
there are gaps in sampling. In response, NIVA tried to mitigate data gaps with the help
of local scientists from UNIS to collect water samples, in addition to the SIOS-InfraNor
buoy deployment for example. Data collected from the buoy was intended for the Cal/Val
activities of satellites but the delay in deployment affected this activity. NIVA will actively
participate in training local researchers in buoy deployment experiments and to collaborate
with UNIS to prepare for similar situations in the future. Besides that, the M /S Norbjern
cargo ship sailing plan has not been impacted by the COVID-19 situation, so the NIVA
ferrybox installation on board has been measuring continuously and picked up discrete
water samples.

The operational instrumentation that the Norwegian Meteorological Institute (MET
Norway) maintains in Svalbard is designed to operate on its own for long periods. Due to
weather and ice conditions, yearly maintenance is not always possible, implying that all
automatic weather stations are designed for sustained standalone operation. A consequence
of this thinking is that extension of the observation programme at the automatic weather
stations is done in a manner not affecting the operational capability of the stations, meaning
that the importance of sensors and their geophysical output is prioritised. As a consequence,
the power supply is split between critical and non-critical sensors which may be shut down
if power supply issues arise. The primary consequence of the COVID-19 lockdown on the
institute’s activities in Svalbard was on the planned upgrade of several stations. Originally
the institute planned to establish a borehole for permafrost measurements co-located
with the automatic weather station at Edgesya—Kapp Heuglin, and to extend the sensor
suite at Verlegenhuken with measurements of permafrost, snow, and surface irradiance.
These activities were planned as part of the yearly maintenance for the automatic weather
stations with transportation support from the Norwegian Coast Guard. Installations
at Verlegenhuken were successfully completed and the flow of data established, but
preparation of the borehole at Edgeoya—Kapp Heuglin had to be postponed due to the
number of personnel involved. Furthermore, construction of the foundation for two
inland automatic weather stations, in Nedre Sassendalen and Klauva, was cancelled due
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to COVID-19 and work is postponed until 2021. Operation of the manned stations of the
institute has continued as planned, but with stronger restrictions on personnel exchange.

The Norwegian Polar Institute (NPI) is responsible for a large set of long-term ob-
servational programmes in Svalbard. These are related to climate, ecotoxicology, and
biodiversity. NPI also has a geological mapping programme in Svalbard. Many of these
activities overlap and are merged into the SIOS observations and priorities. The COVID-
19 lockdown hampered some programmes severely. Notably the polar bear monitoring
programme was unable to perform any activities during the essential spring field season.
This was partially compensated for with a fortified activity in the autumn. Oceanographic
observations around Svalbard have been hampered with several cruises planned for 2020
being cancelled. Other important programmes (ptarmigan and reindeer population studies
as well as botanical inventories) were able to adapt and perform full programmes with
field groups where key scientists had trained local personnel (mainly laid-off field adept
individuals from the tourist industry). COVID-19 has thus opened a new perspective
on how to manage some programmes within NPI which probably will both benefit local
employment, lower total costs and decrease the environmental footprint (e.g., less travel).
In Ny-Alesund NPI has had a modified rotation of personnel (some individuals have spent
longer periods in Ny-Alesund than previously) and been able to run all long-term observa-
tional programmes. NPI has also supported several of the international institutions such
that some of their programmes have been able to be maintained despite the institutions’
inability to send their own personnel to Ny-Alesund. This may also lead to new approaches
to collaboration well beyond COVID-19 that are viewed as a positive outcome of the 2020
ordeal.

The Arctic Geophysics department (AGF) of the University Centre in Svalbard (UNIS)
has two research groups—one in space physics and one in air-ice-sea interaction. For
space physics, all fieldwork takes place in the dark season. Thus, the space physics group
has not had cancellations of fieldwork due to COVID-19 related issues, as at the start of
the outbreak, all fieldwork had already been done. For the dark season 2020/21 there has
been cancellations of sounding rocket launches which the group participates in, and these
have been postponed until the 2021/22 dark season. Apart from this, the space physics
group will be able to maintain its standard observational programme at the Kjell Henriksen
Observatory. The oceanographers usually use academic course related fieldwork cruises to
collect research data from buoys. Due to COVID-19 the planned cruise was cancelled; thus
the oceanographers were not able to collect data in April 2020 (winter) as has been done
every year since 1999. However, they were able to obtain two days on a research vessel in
order to secure the September data (summer) of the hydrography in Isfjorden and the shelf
outside, thus maintaining the long time series for the Isfjorden transect. The meteorologists
also use course fieldwork to collect data for ongoing research projects. Due to COVID-19,
fieldwork was cancelled in autumn 2020, and data could not be collected. The data is used
for e.g., validation of weather models in the Arctic. This has not been mitigated.

It is essential to mention that other institutions (including those not listed in this
article) also planned to conduct measurement campaigns during the pandemic as part
of the already developed procedures and due precautions. Unfortunately, the biggest
obstacle that caused the campaigns to be cancelled was rapidly changing regulations on
the border control to Norway and quarantine rules. In the absence of stable international
traffic regulation in times of a pandemic, research activities in the following months may
be subject to significant risk, despite appropriate measures being taken.

5. Discussion

Arctic regions are particularly vulnerable to situations like the pandemic [38]. There-
fore, Arctic science has been significantly influenced by COVID-19. Even during the
absence of pandemic, field research in the Arctic regions including Svalbard is relatively
limited, with scarce scientific observations for studying Earth System Science [39]. There-
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fore, the effects of the persistent gap in field activities will reverberate for decades across
scientific disciplines of Svalbard research.

At the time of writing this manuscript, Svalbard is still officially one of those regions
on the planet that has escaped the first few waves of the COVID-19 pandemic. This was
aided by the island’s relative isolation, relatively low population (approx. 2800 across an
area of 61,022 km?, population density: 0.044/km?), highly restrictive travel and quarantine
measures adopted during the beginning of the pandemic, and relatively lower number of
visits of tourists and tourist ships during 2020. However, based on our current knowledge
of the variety of known and unknown modes of spread of the virus and looking at the
speed of its spread, it is difficult to prevent the entry of virus to Svalbard even if strict
travel and quarantine measures are still in place since the beginning of the pandemic.

The global pandemic has resulted in significantly decreased field activity in Svalbard
leading to reduction in environmental impacts for a brief period at the expense of gaps
in long-term data series and monitoring programmes. International cooperation through
networks/consortia is necessary to save the essential scientific data and infrastructure
in Svalbard. Norway started relaxing the lockdown slowly and Svalbard was open for
Norwegian researchers and tourists on 1st June 2020, while it reopened to a few EU/EEA
countries on 15th July. Currently travel from most countries is banned with restrictions
and exemptions. With the temporary reopening of Svalbard during summer 2020, a few
researchers could conduct their field campaigns during the rest of the period of summer
and autumn, but the reopening came too late for those exclusively interested in the spring
season. Even after the reopening of Svalbard, there was limited field activity. Since the
beginning, the COVID-19 pandemic forced us to develop alternative activities for the
utterly new, unforeseen, and unique situation. In the beginning, the trickiest part was none
of us were prepared for such a working style and nobody was sure about the success of
these activities. However, we wasted no time in starting these activities in response to
the continuously changing situation. Our resources and activities have been listed in the
GEO repository (https:/ /www.earthobservations.org/covid19.php (accessed on 15 January
2021)) of COVID-19 response activities and tools developed by various organisations in
the world. Here you can find many more relevant activities in response to COVID-19, but
SIOS’s activities are the only ones highlighting practical services to field scientists in the
Arctic.

5.1. Perspectives on Impact of Data Loss in Long Term Monitoring and Science

Our knowledge of gradually more dramatic impacts of continuously changing climate
will be held back if critical long-term monitoring work is interrupted [40,41]. It is foreseen
that the pandemic will cause delays of up to or exceeding one year in planned field activities.
The loss of data for the Svalbard related science for a year or more may have very differing
implications on different projects. The impact is clearly highest for the experiments where
the lack of regular maintenance can lead to loss of the instruments as well as the yearly
data (e.g., glaciers mass balance and burial of AWSs). Cancelled fieldwork could affect not
only a single campaign but also the possibility to maintain instruments and observation
sites including drifts in field instruments during the whole season. This can cause large
data gaps spanning over long periods during years with rapid environmental changes.
For some measurement series, especially long-term monitoring, data gaps are immensely
problematic in terms of missing important data in particular seasons or years and may
complicate the statistical analysis.

5.2. Suggested Mitigation Measures

The pandemic lockdown has shown that it is beneficial to expand the engagement of
local residents, research infrastructure providers, logistics operators, and collaborators to
carry out joint research activities on mutual terms. This will require some local capacity
building, with particular focus on training, equipment, and funding to cover fair pay. In a
funding perspective, a coordinated and flexible response to delays and changes in field
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activities is required by funding agencies and responsible institutions. It is necessary to
reserve funding for emergency mitigation to ensure sustained support for researchers and
covering losses of local logistics and/or infrastructure providers.

Itis also clear that the negative impact could partly have been mitigated if the scientific
and logistics groups had prepared for this situation beforehand. However, such prior
preparations or backup plans are not common for all kinds of scientific activities. For
instance, AWSs are generally installed to work for years without major maintenance but
glacier stakes and other instruments may need entirely different approach to prepare for
similar situations in future.

In a situation where scientists suddenly are cut off from their field area—as the
Svalbard research community experiences now—it would be favourable to have well
planned or established citizen science projects that can be conducted by the local community.
This could include collection of both ground truth data for validation of satellite-based
products and collecting samples for scientific experiments. Current citizen science projects
are often closely related to tourism activities, e.g., cruises, which also were halted during
2020. However, the lockdown left most tourist guides without work and a Svalbard
specific citizen science model could be developed to involve these and others from the
local community. The field expertise of local tourist guides, students, and parts of the
general public would facilitate their involvement in scientific data collection activities. By
developing easy-to-understand standard field data protocols and documents on regular
maintenance of instruments, in combination with regular courses, a pool of potential
citizen science contributors could be built. This would be a strong resource in general
and especially in a situation like now to back-up scientific research in remote places like
Svalbard.

It is imperative to establish a holistic perspective of the observing system with priori-
tisation of the importance of various observing efforts and their sensitivity to data gaps.
This can result in specialised efforts to avoid gaps in top-priority data series in future
situations. Some observing efforts already have mitigation plans for such circumstances
(e.g., automatic weather stations that can operate for years without maintenance) with suffi-
ciently scaled power supply (large batteries with additional solar panels and wind turbines)
and communication capabilities (online access with delayed mode data dump locally) to
compensate for weather and ice conditions preventing the scheduled maintenance. Such
approaches have proven handy in the current situation, although not originally designed
for a pandemic situation. For other activities alternative approaches relying on remote
sensing applications (satellites, airplanes, UAVs) and to increase the cooperation between
scientists and organisations in the areas of logistics, maintenance support and data sharing
could be more appropriate in filling data gaps.

5.3. Earth Observation and Remote Sensing Perspective

Satellite coverage from polar orbiting satellites is good in the Arctic and Svalbard
is probably one of those areas in the High Arctic that has the best potential coverage for
satellite data. Utilisation of optical sensors is challenged by the Arctic night and extensive
cloud cover. The latter is partly compensated by the high repeat cycle at high latitudes, but
the Arctic night leaves imagers in the visible part of the electromagnetic spectrum useless
parts of the year. Microwave sensors on the other hand do not have issues with the Arctic
night or clouds, but have challenges related to spatial resolution (passive microwave),
surface emissivity and/or weather (atmospheric column, wind effects etc.). Challenges
vary depending on the application area and whether the study area is terrestrial or marine.
Applications requiring high temporal resolution depend on the repeat cycle (specified by
the inclination and footprint of the satellite /sensor) of the satellite platform and instrument
considered. For studying glacial movements and spring thaw of permafrost shifts, Synthetic
Aperture Radar (SAR) measurements can cover most of the requirements using proven
algorithms, albeit, with the lack of ground verification or limited verification. For these
applications, the impact will clearly be the lowest while better preparation for the pandemic
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situation could have reduced the impact even further. However, for other application areas,
remote sensing algorithms are still under development and development of these will stall
due to a lack of in situ validation data. In the future, it is necessary to critically assess the
requirements of scientific projects in Svalbard aligned with preparation to reduce potential
impacts of pandemic situations.

Space agencies have major roles to play in such circumstances where EO is highly
relevant to fill data gaps. Proprietary or commercial satellite owners should take an active
role in collecting frequent data in Svalbard and Arctic during pandemic times to help
scientists filling the data gaps. One of such initiatives include Maxar’s Open Data Program
that has released an initial set of high-resolution satellite imagery in support of the COVID-
19 response efforts. However, such efforts are limited to those systems where data collection
and mode specification for satellite acquisitions are actively controlled.

The major non-commercial space agencies already collect the maximum amount of
data possible over Svalbard and surrounding waters. Integration of remote sensing data
into the field scientist workflow is covered in many disciplines, however, it is still pending
in some disciplines. For the commercially available systems, dominantly in the optical
region, increased collection of data depends on the availability of funds to get specific
images at given times. For historical data, several of the commercial providers have
low-cost to free access for scientific use which can readily be used. In order to increase
the utilisation of satellite remote sensing products by field scientists, training is required
to increase the knowledge and closer collaboration between communities is required to
identify best practises and gaps in the current product portfolio. SIOS is annually arranging
courses for field scientists to increase their practical knowledge on how to utilise satellite
remote sensing.

Airplane and UAV observations are promoted in SIOS to make scientists aware of the
capabilities that airborne remote sensing offer to acquire the data for their studies. This will
hopefully encourage scientists to explore the potential of remote sensing observations. Use
of UAVs enables minimised environmental footprint research in and on sensitive Arctic
ecosystems [42] and may be the only approach to near ground sensing. There are also
some opportunities created by the pandemic in the fields of airborne remote sensing. For
example, the substantial cut in air travel opens the airspace for increased UAV usage—an
example for this can be found in the Nepal where UAVs were used for mapping during the
pandemic [43]. Additionally, UAV application may replace or complement ground-based
fieldwork in environments that are limited due to social distancing requirements (e.g.,
during transportation) or due to shortened campaign durations (e.g., due to quarantine).
In such cases, advanced UAV operations (e.g., with fixed-wing UAVs) could be used to
access a field sites that are not possible to access physically due to social distancing or
time limitations. Simpler UAV operations (i.e., with off-the-shelf UAVs) may be able to
accelerate field activities, for example by replacing ground-measurements.

Remotely sensed observations in combination with autonomous surface based remote
sensing equipment like normalised difference vegetation index (NDVI)-sensors, cameras
and spectrometers [44] can supplement missing field data for terrestrial projects (e.g.,
vegetation mapping) for scientists who lost access to Svalbard during the summer of 2020.
Very high spatial and temporal resolutions RS data is one of the important characteristics
needed by field scientists, especially terrestrial scientists and glaciologists. Data acquisition
by very high resolution (VHR) satellites (WorldView-2/3, GeoEye, Pleiades) may also
fill in specific gaps for a few fields of studies during pandemic situations as well as
gaps due to environmental restrictions or other events. This is particularly dependent
on application area, existence of robust and validated methods/algorithms for deriving
information, and availability of specific modes of data at a given time. Frequent VHR
satellite acquisitions would be valuable in case of lack of field data for glaciologists and
geomorphologists. For instance, temporal acquisitions of such datasets can be used to
derive glacier velocities, changes in frontal ablations, generating DEMs, and many more.
However, the optical satellites exhibit large repeat cycles complicating the use in most

36



Remote Sens. 2021, 13,712

of the applications. Frequent observation should especially cover dedicated areas where
long term monitoring is being conducted. Determination of such areas of interest would
need a contact between researchers and provider of RS data. Here, the role of SIOS as a
platform for such communication is necessary. Critical assessment of satellite products
derived from VHR data, proved in situ validation, and the usefulness of these products for
various scientific communities working in Svalbard is necessary. Continuous availability
of high-resolution satellite data with repetitive acquisitions are not feasible if not planned
in advanced. Most of the high-resolution satellite datasets are acquired by commercial
satellite owners making the acquisition expensive for projects with limited funding. On
the other hand, most of the funds on travelling and field campaigns have been saved due
to the pandemic and can be substituted for acquiring high resolution satellite images.

Concerning measurements that normally rely dominantly on satellite measurements,
a single year without ground truthing will only have minor impact on the long-term
measurements. The lack of ground reference measurements may increase the uncertainty
of the satellite measurements. This uncertainty will increase if there are several consecutive
years without ground measurements. This year, the capability of using VHR measurements
to replace some of the in situ measurements has not been materialized, because of lack of
planning and the unavailability of funds. Even if there may be larger possibilities, due
to less air traffic, for local aircraft and UAV measurements the lack of locally available
personnel has reduced the amount of these measurements during the pandemic.

Filling data gaps using EO observations in various applications is limited by the
limited quantity of satellite and airborne (UAV and aircraft) observations and limited re-
sources including funds for skilled personnel and data processing infrastructure. Therefore,
quantitative assessment on the number of data gaps that can be filled using EO is not
possible until geospatial products that can replace in situ measurements are generated
using EO data.

Based on our case studies and examples provided in previous sections, a few of
the long-term data monitoring programmes that have been affected and can be partially
mitigated using EO include; (1) Glacier front monitoring measurements, which can be
partially mitigated using satellite-based and UAV-based measurements. (2) Missing GNSS
based glacier surface velocity measurements can be replaced by offset tracking repeat
optical and radar satellite data. (3) Vegetation mapping projects are affected due to lim-
ited ground-truthing. (4) Snow cover extent data is being partially mitigated using EO
observations.

There are of course serious limitations in filling data gaps using EO and RS (see for
example UiO subglacial and cave measurements). Even if a process is observable from space
atall, spatial and temporal resolution of the RS data often set clear limitations. The temporal
resolution of optical data interferes with cloud cover which often renders data useless
even if acquired successfully. A related question is if one can design field measurements
in a different way, so that EO and RS can fill gaps. For instance, instead of relying on
ground instruments directly design an observing-modelling framework where ground and
satellite measurements are assimilated. Unavailability of ground measurements will then
still hurt, but perhaps less than in a purely ground-based scheme. However, modelling
and assimilation maturity for different fields of science in Svalbard are at different levels,
which makes such efforts challenging. For example, modelling in oceanography and
meteorological applications are well proved and practiced, while it is difficult to implement
in biodiversity research.

It is also realised during this period that more efforts are required on accurately
downscaling the resolution of remote sensing products to match with or substitute a few
in situ datasets. Providing these downscaled products particularly over Svalbard can be
useful for the studies affected due to in situ data gaps during the pandemic. In summary,
there is a need to critically assess quantitatively how much data gaps can be filled with
purely EO and RS activities in the absence of field data in future situations in Svalbard.
Financial analysis is also needed to determine the break-even point to conduct costly long-
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term observations to fill the ground-based measurements gaps. Together with scientists,
funding agencies should develop a realistic financing plan for substitute research for the
coming years.

5.4. Data Management and Its Importance in Pandemic Times

One of the missions of SIOS is to provide free and open data sharing. The pandemic has
again demonstrated the need for the scientific community to address sharing of scientific
data and publications to facilitate open science, collaboration and cooperation, and rapid
dissemination of scientific results to the community [45]. The SIOS Data Management
System (SDMS) federates information on in-situ and remote sensing data from a number
of data repositories. This is achieved through harvesting information about datasets
into a unified catalogue. When scientists cannot perform fieldwork, such integration
of information becomes increasingly important. In the beginning of November 2020,
SIOS hosted the first online workshop on SIOS Core Data (SCD), which are Earth System
Science data for Svalbard that fulfil the defined criteria of scientific requirements, data
availability and collecting commitment. SIOS core data are connected to Essential Climate
Variables (ECVs) as defined by The Global Climate Observing System (GCOS), the State
of Environmental Science in Svalbard Report (SESS) and the needs of stakeholders and
users. The SCD workshop engaged scientists in defining, standardising and harmonising
observation protocols as well the related issues in data management when fieldwork was
not possible. In a way, this activity brought the scientific community of SIOS together to
work on various aspects of making scientific data in Svalbard easier to integrate and reuse.
There are a lot of data, and this situation gives some time to discuss, learn, and explore
best practises of metadata at discovery and use level, encoding formats to identify data
management gaps that have to be addressed.

5.5. Importance of Bringing the Community Together in Pandemic Times

SIOS’s activities to bring the community together such as webinars, online conference,
and a training course have been proved to be good initiatives not only for the Svalbard
community but the broader area of the Arctic. If not beforehand, participants from online
activities and the different aid packages delivered by SIOS now understand the strengths
of a regional observing system in Svalbard. SIOS played an important role on welding
the Svalbard scientific community into a more united organisation by bringing scientists
together via annual SESS report, ACCESS programme, workshops, and airborne remote
sensing opportunities during the pandemic situation.

Nevertheless, due to the lack of personal conversation and cooperation during the
fieldworks or exchanging of the crew in the research stations, the discussions on joint
international projects and joint activities are challenging compared to the time before
the pandemic. The fieldwork is an essential part to provide a learning experience for
early career researchers (ECRs) on communicating with senior researchers and fieldwork
management. The lack of fieldwork may also impact the level of interest of students in
polar science-related disciplines because of training course without a practical part in the
field. We must remember that all of this cannot be replaced solely by online meetings.

5.6. Perspectives on How Sudden Perturbations Can Kindle Reforms in Our Approaches

Our case studies and practical examples have potential to enhance preparedness for
future pandemic or similar situations. Examples and lessons learned from our experi-
ences are probably transferrable to many fields of science and technology beyond their
applications in polar regions. Many solutions were to some extent ad hoc choices on short
notice but are here offered as a permanent resource for responding to future situations for
international organizations, observing systems, and scientists in a more weighed manner.

For various reasons, the COVID-19 outbreak may have triggered a paradigm shift
in the way we are conducting science studies in polar regions. This situation triggered a
reduction of carbon footprint by reducing travels associated with meetings and fieldwork.
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This means that there is probably smarter way to maintain scientific installations using the
assistance and expertise from local technicians and cut travel costs. All the same, scientists
will of course prefer to manage the maintenance themselves, since this is a way to ensure
best performance of data and resulting science questions. Our activities and examples show
that there is a need of re-assessing our ways of conducting field campaigns in Svalbard.

5.7. Importance of International Networks Like SIOS in Pandemic Times

The pandemic yet again pointed out the need of international coordination to optimise
the observational networks, particularly in key scientific regions like Svalbard. Certainly,
many organisations involved in observation of different aspects in Svalbard have faced
data gaps to some extent. The only way to fill this is through the use of remote sensing
and sharing of data within organisations. SIOS has been instrumental in this, by not only
promoting and making remote sensing products easily accessible, but also bringing a large
number of international organisations under a common platform which makes researchers
aware of the developments and provide required information to fill the data gaps due to the
restrictions during the pandemic. This is also a great opportunity to boost interdisciplinary
studies in Svalbard given that the restrictions implemented during the pandemic may
allow studying more clear signals on changes in different environmental parameters. For
example, the changes in the aerosol emissions in lower latitudes can be expected to be
significantly altered due to the restrictions. These relatively large signals in a pristine
environment can make their influence on the ecosystem more evident helping researches
to understand and quantify their role more accurately. Overall, while the pandemic has
halted progress in enhancing the observation networks around Svalbard, it has opened
up new dimensions which help the scientific communities to realise the requirement of
international cooperation, coordination, and usefulness of common platforms like SIOS
in optimum use of observations around Svalbard. We stress that at this time the scientific
community should connect more and open up for increased data and infrastructure sharing.
Integrated observing systems, like SIOS, should play a key role in this setting. We have time
to think about our results and our scientific needs: we can discuss inside the community
and find areas for cooperation and interaction. It is important to learn from the past and to
plan for the future. In future proposals and planning of field campaigns should include
a contingency plan that discusses backups in case of pandemics, lockdowns, or travel
restrictions. SIOS could become an important element for supporting such backup plans in
and around Svalbard.

6. Conclusions

COVID-19 has posed a distinctive challenge to the scientific community working
in Svalbard in terms of lockdown, remote working, cancelled social and networking
events, cancelled fieldwork, changing working practices, and isolation and anxiety. Even
though the pandemic has changed our regular activities for the unforeseeable time, the
Svalbard research community continues in its resilience under the extraordinary and
unparalleled current circumstances. In this study, we highlighted a bunch of EO, RS, and
operational activities of SIOS and its member institutions to respond to COVID-19 related
travel restrictions and resulting limited field activities in Svalbard. These activities were
developed for the Svalbard research community, but we believe that similar activities
can be expanded to the whole Arctic, Himalayas, or Antarctica or other remote places
where field activities were affected during the COVID-19 situation. This set of activities
will form a base for all such activities being implemented in other parts of the world and
could significantly contribute to developing a long-term sustainable plan for responding
to future similar situations. A few of these activities were developed for the new normal
situation created by the pandemic, but we believe that these activities are transferable
for the regular activities in future. Our efforts show that even after the lockdown of
Svalbard due to the pandemic, scientific observations can be done using various means
including EO, RS, and planning logistical activities using local skilled personnel. Laid
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References

off workers can be better utilised in conducting field campaigns in a future pandemic or
similar situations. Times of crisis often result in innovation, new technology and new ways
of working and thinking. Our experience and lessons learned during the pandemic would
help to accelerate the development of remote sensing methods and solutions in order to
reduce the environmental footprint of research in the fragile Arctic region. Our activities
were successful in bringing the whole Svalbard science community together in pandemic
times by facilitating collaboration via the SESS report, ACCESS programme, airborne
measurements, webinars, online conference, training course, and finally documenting our
response to COVID-19 in the form of a manuscript. The pandemic is not over yet, but these
positive activities could stimulate more activities using EO and RS. Today, usage of satellites
and other new technologies in RS such as UAVs, and aircraft-based data collection are
more relevant than ever. It also gives the opportunity to carry out monitoring and research
that minimises the environmental footprint of such activities in sensitive High Arctic
ecosystems. It is not possible to observe all essential Svalbard variables (SIOS core data)
using EO and RS, but we can secure a few of these variables when in situ measurement is
not possible. This article attempts to share our experience, expertise, and activities for a
broader audience in observing systems in Earth System Science. Overall, the results of these
activities will be realised in the coming years when we move forward into a post-pandemic
world. The pandemic situation is changing rapidly, and the relevance of this work would
be realised at later stages. We have summarised all the activities at the time of writing
this paper while we continue preparing for the next year. A more detailed analysis of the
short term (next field season), mid-term (next 3 years), and long-term (7-10 years) effects
of the pandemic on Svalbard research have not been analysed yet. We anticipate that our
activities will provide a foundation to respond to future similar situations.
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Abstract: The climate in Svalbard has been warming dramatically compared with the global average
for the last few decades. Seasonal snow cover, which is sensitive to temperature and precipitation
changes, is therefore expected to undergo both spatial and temporal changes in response to the
changing climate in Svalbard. This will in turn have implications for timing of terrestrial productivity,
which is closely linked to the disappearance of seasonal snow. We have produced a 20-year snow cover
fraction time series for the Svalbard archipelago, derived from MODIS (Moderate Resolution Imaging
Spectroradiometer) Terra data to map and identify changes in the timing of the first snow-free day
(FSFD) for the period 2000-2019. Moreover, we investigate the influence of sea ice concentration (SIC)
variations on FSFD and how FSFD is related to the start of the phenological growing season in Svalbard.
Our results revealed clear patterns of earlier FSFD in the southern and central parts of the archipelago,
while the northernmost parts exhibit little change or trend toward later FSFD, resulting in weaker
trends in summer and winter duration. We found that FSFD preceded the onset of the phenological
growing season with an average difference of 12.4 days for the entire archipelago, but with large
regional variations that are indicative of temperature dependence. Lastly, we found a significant
correlation between variations of time-integrated SIC and variations in FSFD, which maximizes
when correlating SIC northeast of Svalbard with FSFD averaged over Nordaustlandet. Prolonged
sea ice cover in the spring was correlated with late snow disappearance, while lower-than-average
sea ice cover correlated with early snow disappearance, indicating that proximity to sea ice plays
an important role in regulating the timing of snow disappearance on land through influencing the
regional air temperature and therefore rate of spring snowmelt.

Keywords: snow cover; remote sensing; sea ice variability; vegetation growth; arctic climate change

1. Introduction

Seasonal snow cover evolves continually due to meteorological factors affecting the physical
properties of the seasonal snowpack. As such, seasonal snow cover may be considered a sensitive
indicator of climate change. During the last few decades, the Arctic in particular has experienced twice
the rate of warming compared with the global average, also referred to as the Arctic amplification [1,2].
Warming has been linked to loss of Arctic sea ice cover [3—6], as larger areas of open water absorb
greater amounts of solar radiation, which is re-emitted as long-wave radiation and warms the lower
troposphere. Sea ice loss is also accelerating [7], resulting in an overall reduction in albedo, which
serves to amplify snow-temperature feedback processes [8]. In particular, sea ice loss north of the
Svalbard archipelago has been found to be more pronounced during winter than summer [9], and the
air temperature is expected to increase on average by 3—4 °C on the west coast, while even greater
temperature increases of up to 6-8 °C are expected to occur in the northeastern regions by the end

Remote Sens. 2020, 12, 1123; doi:10.3390/rs12071123 www.mdpi.com/journal/remotesensing

43



Remote Sens. 2020, 12,1123

of the 21st century. Wintertime warming is expected to be stronger than in other seasons [10-12],
accompanied by increased precipitation as sea ice loss enhances surface evaporation and moisture
transport. Winter warming in combination with greater precipitation has meant that rain-on-snow
events during winter have also become more frequent in the most recent decades [13-15] in Svalbard.
Such events cause the formation of basal ice layers at the ground surface, which negatively affects the
food availability for grazing animals [16] since their potential food supply is essentially locked off.

Trends of increasing temperature and precipitation on Svalbard have been associated with
significant changes in seasonal snow cover during the last few decades. These changes include an
upward trend in the equilibrium line altitude (ELA) of perennial snow, later onset of snow in response
to autumn warming [17], earlier disappearance of seasonal snow, shorter duration of snow cover and
both a decrease in and earlier timing of maximum snow depth [18]. Traditional methods for snow
cover change monitoring include in-situ point measurements of snow depth as well as combining
snowpack modeling with regional climate models [17]. While models have been used to provide
estimates of snow cover at large spatial scales, in-situ measurements are time consuming and limited
in spatial extent where long-term and large-scale monitoring of snow cover changes are desirable.
On the other hand, remote sensing methods are an effective tool for providing measurements from
which snow cover fraction can be derived [19] at spatial resolutions on the order of 1 km and over large
areas. For example, imaging spectrometers such as the Advanced Very High Resolution Radiometer
(AVHRR), Moderate Resolution Imaging Spectroradiometer (MODIS) and the Visible Infrared Imaging
Radiometer Suite (VIIRS) have been utilized for this purpose since as far back as 1982, providing a large
archive of measurements that cover periods long enough for identifying climate-related trends in snow
cover characteristics. These sensors provide observations at daily time scales as long as the surface is
not obscured by cloud cover and is illuminated by sunlight. Methods also exist for remotely sensing
snow cover that are not dependent on cloud-free conditions or solar illumination; one such example is
the use of Synthetic Aperture Radar (SAR), which has been used to detect and map the occurrence of
wet snow cover [20]. However, a weakness of using SAR is that it cannot distinguish dry snow from
bare ground, which limits its uses during winter when dry snow cover largely dominates. Passive
microwave radiometers are also utilized to obtain daily information on snow cover but typically suffer
from substantially poorer resolution (~20 km), and measurements are therefore subject to a greater
degree of uncertainty in complex terrain such as along coastlines and in mountainous areas, where
the scale size of features is typically smaller than the spatial resolution. Instruments with low spatial
resolution are thus not optimal for studies of snow cover over Svalbard, which is predominantly made
up of mountainous terrain and fjords. Active microwave systems such as the QuikSCAT SeaWinds
scatterometer instrument are also sensitive to liquid water content in snow and as such have been
successfully exploited in earlier studies to map the timing of total melt days and summer melt onset
over glaciated areas of Svalbard [21,22]. However, while the onset of snowmelt can give an indication
of when snow volume begins to decrease systemically, it does not provide information on when snow
has completely disappeared, which is important for phenological processes.

A remote sensing technique that exploits MODIS Terra data together with temporal interpolation
methods that correct for presence of cloud cover has been developed for mapping snow cover
characteristics over Northern Scandinavia [23], demonstrating an approach that can address challenges
related to Arctic weather and the absence of solar illumination for several months of the year. It is
therefore a primary goal of this study to use the MODIS Terra dataset for the period 2000-2019 and
adapt this method for application to the Svalbard archipelago, in order to study changes and trends in
patterns of snow cover disappearance, duration and onset.

Since snowmelt is driven by temperature changes, it follows that in a warming climate, ecosystems
with seasonal snow cover may experience earlier plant development of some of the species as snow
disappears earlier [24]. The onset of the growing season on Svalbard has been studied and mapped
using a method based on MODIS Terra surface reflectance products [25] for the period 2000-2013.
Based on this relatively short period, the authors noted only a very weak delayed onset of 1.3 days for
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the whole of Svalbard. Other studies have alluded to similarities between spatial patterns of snow
season duration and growing season duration for Northern Scandinavia, but they did not present a
quantitative examination of the relationship between those two parameters [23]. Hence, the secondary
goal of this study is to evaluate how the timing of snow disappearance affects the timing of the growing
season in Svalbard at MODIS pixel resolution scale. Moreover, we wish to establish whether the
relationship between snow disappearance and growing season onset is changing as a result of the
ongoing warming trends in the Arctic. This knowledge is important since it is already well known
that earlier snow disappearance may expose vulnerable plants to low temperatures, leading to frost
damage and negative impacts on plant growth and productivity [26-28]. Indeed, at Arctic latitudes it
has been shown that earlier snowmelt due to warming leads to earlier onset of plant growth but has
varied effects on overall plant production [29].

Proximity to sea ice is known to affect air temperature on adjacent land masses [30], thereby
constituting an indirect factor that also influences the timing of snowmelt and disappearance and hence
onset of the phenological growing season. Indeed, an anticorrelation between September sea ice extent
and total number of melt days was found under a study of two glaciated archipelagos in the Russian
High Arctic [31] using multiple passive and microwave sensor data. Other studies have discussed the
apparent link between variability in the sea ice edge and onset of snowmelt in Svalbard [21], though
this relationship was not quantitatively established. On the other hand, a decline in sea ice may lead
to mass growth in certain glaciated regions on Svalbard due to enhanced wintertime precipitation
resulting from increased evaporation over open water [32,33]. Outside of Svalbard, a link between
sea ice decline in the Barents Sea and more severe Eurasian winter snowfall has been reported, which
was attributed to increased frequency of atmospheric blocking patterns and cold air advection [34].
There is therefore a complex relationship between variations and trends in Arctic sea ice cover that
affects regional temperature and precipitation trends and consequently wintertime snow cover and
timing of snow disappearance in spring, which in turn controls onset of growth. Our final goal of
this study is therefore to quantify how sea ice concentration around Svalbard is related to the timing
of snow disappearance in Svalbard, which is derived by optical remote sensing. In summary, the
main objectives of this paper are as follows: firstly, to map snow cover fraction over Svalbard for
the period 2000-2019 by applying earlier developed algorithms for estimating and mapping snow
cover fraction using MODIS Terra data (MOD10A1 at 500 m resolution); secondly, to calculate the
timing of snow disappearance and onset for each year to further derive trends of snow cover change
over 20 years; thirdly, to study how the timing of snow disappearance was related to both timing of
plant phenology processes and sea ice variability around Svalbard. Moreover, we aim to quantify the
observed relationships at both local and regional scale and for the entire Svalbard archipelago.

2. Materials and Methods

2.1. Study Area

The Svalbard archipelago is located in the Arctic ocean, approximately halfway between the
northernmost point of the Norwegian mainland and the North Pole. It consists of a group of nine
islands, of which the largest is Spitsbergen. The Svalbard archipelago covers a total area of 61,000 km? of
which 60% is glaciated, 30% is covered by barren rock and the remaining 10% is covered by vegetation.
The largest glacier, Austfonna, is situated on the island Nordaustlandet. The archipelago spans
latitudes between 74-81°N and longitudes ranging from 10-35°E, which means both midnight sun
and polar night can dominate for large parts of the year. In the administrative center Longyearbyen,
polar night conditions are present from 26 October until 15 February, with midnight sun from 20 April
to 23 August. To the west of the archipelago, the West Spitsbergen Current brings warm salty water
from the Atlantic Ocean northwards, resulting in milder climate than experienced at similar latitudes
elsewhere. Meteorological data recorded at Svalbard Airport, close to Longyearbyen, show that the
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mean annual temperature in the period of study (2000-2019) ranges from —6.1 °C (2003) to 0 °C (2016),
while annual precipitation ranges from a minimum of 142.1 mm (2005) up to 310 mm (2016).

Figure 1 presents an overview of the Svalbard archipelago showing both the vegetated part of the
land and the locations of six selected meteorological stations from where data were collected, while in
Figure 2 we present an illustration of the research scheme, datasets and procedures that are used and
carried out in this study.
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Figure 1. Location of the Svalbard archipelago showing the six meteorological sites where snow depth
measurements are made. Areas with mean July (2000-2013) Normalized Difference Vegetation Index
(NDVI) above 0.1 are labeled “vegetated areas”, extracted from Karlsen et al. [25].
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Figure 2. Overview of the research scheme and datasets and methods used in this study. Orange
components refer to datasets, blue boxes indicate derived products and green boxes are end results.

2.2. MODIS Terra Dataset

2.2.1. Snow Cover Fraction Algorithm

In this study we used the 2000-2019 NASA MODIS/Terra Snow Cover Daily L3 Global 500 m
Grid, Version 6 (MOD10A1). This product provides Normalized Difference Snow Index (NDSI) as a
daily product [35]. Snow cover fraction (hereafter, SCF) can be derived from NDSI using a universal
approach [36] defined by Equation (1):

SCF = (0.06 + 1.21NDSI) X 100% 1)

Equation (1) was originally developed for use with version 5 of the MODIS dataset but is
nevertheless compatible with the upgraded version 6. We masked out areas that corresponded to cloud
cover, ocean and winter darkness, and we converted projection to WGS 1984 UTM Zone 33N. Then,
we used a multitemporal interpolation technique (c.f. Section 2.2.2) to fill the gaps due to missing
observations. We processed daily images beginning from 1 March, 2000 (DOY 60) to 1 November,
2019 (DOY 306). With the exception of a few days, in particular DOY 166-183 in 2001, daily datasets
have been available for the whole period. Due to the absence of solar illumination during the polar
night period, the MOD10A1 is only produced between 1 March to 1 November for the entire Svalbard
archipelago. In this study we are primarily interested in studying the temporal characteristics of the
seasonal snow cover in the periglacial landscape. We therefore used a vegetation map produced from
classification of Landsat TM/ETM+ data [37] to mask out inland water bodies and glaciated areas.

2.2.2. Temporal Interpolation Methods to Obtain a Cloud-Free Climatology

Due to the high cloud cover fraction over Svalbard, which is on average 85% for all areas over the
20-year period, there is a need to interpolate between cloud-free pixels to obtain useful estimates of
SCF. Several methods have been discussed in detail in literature [20,21], which includes the use of both
pure temporal interpolation between cloud-free pixels, a combination of spatial filtering and temporal
interpolation and also combinations of the two aforementioned methods joined with multisensor
fusion [38]. In the current approach, we processed MODIS Terra data using temporal interpolation
as outlined in the technique developed by Malnes et al. [23] for Northern Scandinavia using a small
modification to account for the higher latitude of the Svalbard archipelago. We assumed that the
entire land area is snow covered on DOY = 365 (366) each year as a boundary condition. Due to
interpolation, this assumption will force all land pixels to have 100% snow cover fraction late in the
autumn, irrespective of the last observation. By applying the interpolation operator to the MODIS
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time series, we obtained an entirely cloud-free time series that can be used to estimate total SCF for
the entire Svalbard archipelago. On average, the number of cloud-free samples per year per pixel is
52 + 16 days for the entire time series, based on the period of 240 available days where the polar night
mask does not apply. Some regions however, predominantly in the northern parts of Spitsbergen
and over Austfonna, had very few cloud-free samples per year (c.f. Figure Al). Since the absolute
minimum number of pixels required to obtain interpolated estimates is three, there are ultimately
some pixels in these regions with missing SCF estimates for certain years.

2.2.3. First and Last Day of Snow

The timing of snow disappearance and onset, which we will refer to using the snow metrics first
snow-free day (FSFD) and the last snow-free day (LSFD), are defined as the days when SCF falls below
or rises above 50%, respectively. The algorithm of Malnes et al. [23] additionally constrains the window
for FSFD and LSFD detection to the periods between DOY 90-230 and DOY 230-306, respectively, and
the corresponding SCF must remain below (above) 50% for a minimum of 10 days after the estimated
date in order for the result to be retained. The requirement on SCF to remain below (above) the 50%
threshold for at least 10 days was imposed to avoid detecting short-lived fluctuations in SCF around
the threshold (e.g., due to late season snowfall or snowmelt), while the constraints on date for detection
of FSFD and LSFD were applied to avoid problems resulting from low solar angle. The latest date for
detection of LSFD was set to DOY 306 (1 November), which marks the approximate start of the polar
night in Svalbard when optical data cannot be used to infer information on the snow cover.

The estimates of FSFD and LSFD were further used to estimate the length of summer and the
length of winter, for which trends will be studied over the 20-year period. For the purpose of this
study, the length of summer LS is defined as the difference between LSFD and FSFD from the same
year, while the length of winter LW is the difference between LSFD from the previous year and FSFD
from the current year.

2.2.4. Accuracy of SCF and Derived Snow Metrics

The MODIS NDSI single-day accuracy has been assessed by numerous authors on a global
scale [35,36,39]. In the majority of studies, comparisons with in-situ snow depth data recorded at
meteorological stations and with high resolution optical data such as those obtained by the Landsat
and Sentinel-2 satellites are accepted as the best way to assess the accuracy. To assess the accuracy of
interpolated gap-filled time series, the average number of days between cloud-free observations was
used as a proxy for the accuracy of the interpolated snow product [19,23]. We adopted this approach
to assess the uncertainty incurred in the estimates of FSFD and LSFD by calculating the number of
days since the last cloud-free observation. The average number of cloud-free days for our estimates of
the FSFD and LSFD are mapped for the entire Svalbard archipelago in Figure A2. Using all 20 years
of the dataset, the average number of days since the last cloud-free day is 8.3 + 3.8 days for FSFD
and 7.7 + 4.2 days for LSFD. The difference is minimal, but the number of pixels where we cannot
estimate LSFD (26.0% of all land pixels for all years) is marginally higher than for FSFD (25.3%) and
concentrated primarily in the northern parts of the archipelago. Hence the overall estimate of LSFD
is marginally less certain over these areas than for FSFD. However, there are both large spatial and
interannual variations, with some years and regions experiencing long periods of the order 1-2 months
without cloud-free observations. For the meteorological sites and available years of data we used to
validate MODIS FSFD (c.f. Section 2.4), the mean number of days since the last cloud-free observation
for FSFD is 4.4 days, while for estimates of LSFD, the average number of days since the preceding
cloud-free observation is 2.8 days.

2.3. SIOS Database and Open Science

SIOS (Svalbard Integrated Arctic Earth Observing System) was first initiated in 2007 and has been
fully operational since 2018. SIOS is a regional observing system that aims to establish a database
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of long-term measurements in Svalbard, bringing together both field, remote sensing and model
observations to address Earth system science questions. As such, the MODIS 20-year snow cover
fraction time series will also contribute to the growing volume of data being gathered by the SIOS
project and has been stored in the SIOS database [40]. The dataset can be easily accessed through FTP
(File Transfer Protocol) or other software frameworks such as OPeNDAP (Open-source Project for
a Network Data Access Protocol) [41] that facilitates the retrieval and exchange of remotely stored,
structured datasets, streaming of subregions and effective use of the data. In the newly started ESA
project Cryosphere Virtual Laboratory (CVL) [42], the MODIS snow cover dataset and its relations to
other climate time series will be developed as one of five use cases. The project will use Open Science
standards, specifically OPeNDAP, to demonstrate that the results of this work can be reproduced and
correlated with other datasets using the CVL system that operate on virtual machines. This study aims
to demonstrate how the current dataset can be used with complementary satellite-derived datasets,
also available through the SIOS database, to study the factors that influence the temporal characteristics
of snow cover over Svalbard and the impact of snow cover on terrestrial productivity.

2.4. Meteorological Data

Meteorological data managed by the Norwegian Meteorological Institute have been made available
for download via OPeNDAP; however, this is currently limited to the years from 2016 onwards. In order
to cover the full time interval of MODIS data, we downloaded data from six meteorological stations in
Svalbard from eklima.no, starting from the year 2000. In particular, we obtained measurements of
precipitation, snow depth, mean, minimum and maximum air temperature. However, only a few of
the stations had a complete time series of snow depth observations that could be utilized to validate
our snow metrics.

A threshold of 2 cm was applied to snow depth measurements to determine the meteorological
FSFD, and this had to be maintained for at least 5 consecutive days to qualify for the condition
“snow-free”. The meteorological FSFD was then compared with MODIS FSFD by performing linear
regression and deriving the correlation between the two estimates. This was done firstly to validate the
satellite-derived product and secondly to obtain the general relationship between the meteorological
and MODIS FSFD. Several stations had incomplete time series of FSFD either due to missing in-situ
measurements or missing data in the MODIS dataset. Therefore, measurements from all sites were
combined in the regression analysis. Table 1 summarizes data availability at each site and the total
number of measurements used in validation of both FSFD and LSFD.

Table 1. Meteorological stations, observation periods and years with first/last day of snow validations.
The total number of validations (i.e., sum of first snow-free day (FSFD) and last snow-free day (LSFD))
is given in the third column. Note that many years were lost due to unstable snow settlement.

Station Years Validations (FSFD + LSFD)
Longyearbyen 2009-2019 24
Adventdalen 2018-2019 3
Ny-Alesund 2009-2019 24
Platdberget 2018-2019 4
Sveagruva 2017-2019 7
Hornsund 2002-2019 35

2.5. Growing Season Onset Mapped with MODIS-Normalized Difference Vegetation Index (NDVI) Data

This study used estimates of growing season onset (GSO) for 2000-2016 based on MODIS-NDVI
data, which have been correlated with field phenology observations. The method for estimating GSO
from MODIS data was previously developed by Karlsen et al. [25] for 2000-2013, but the dataset has
since been extended for plant biomass studies [43] and for studies of the coupling between tundra
productivity and sea ice distribution [44]. The NDVI dataset is based on the 8-day reflectance MODIS
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products MOD09Q1 and MOD09A1. A combination of three different cloud removal methods was
applied to obtain a clear-sky time series of NDVI data. From this NDVI time series, GSO estimates
were extracted for each year using a pixel-by-pixel threshold method. The NDVI threshold level was
reached after several iterations, and the level that gave the highest correlation with general flowering of
Arctic willow (Salix polaris) across several different vegetation types was used. Arctic willow is among
the most common plant species on Svalbard, and the timing of flowering of Arctic willow occurs on
average six days before the mean flowering date of twelve other vascular plants in Longyearbyen
areas and should indicate well the general time of onset of growth [25]. This study aims to quantify
the relationship between the timing of snow disappearance, as denoted by FSFD and the onset of
growth. We therefore mapped the difference of the dates in order to identify spatial patterns and
endeavor to establish the dependence of this length of time on the mean daily temperature using data
from the three meteorological stations Hornsund, Longyearbyen and Ny-Alesund, since temperature
is an important factor for vegetation growth. In addition to mapping the spatial patterns of the
difference, the relationship between timing of snow disappearance and start of the growing season was
further investigated by reducing the dataset through averaging. This was done by selecting the pixels
corresponding to each DOY in the range of FSFD. For each of FSFD DOY, we averaged GSO, excluding
pixels where the GSO date occurred before that DOY for FSFD, since it is unlikely that growing season
can begin before snow disappearance. In addition, we only accepted the average GSO date where
there was a minimum of 50 pixels to average. The averaging was performed individually for each year
of data in order to identify interannual variations in the relationship between timing of FSFD and GSO.

2.6. Sea Ice Concentration

Sea ice concentration maps (hereafter, SIC) in the Arctic sea are available via OPeNDAP for the
period 1967—present and are produced by the Norwegian Meteorological Institute. Ice charting has
been carried out manually by GIS (Geographic Information Systems) experts [45]. Currently, the data
are available on a daily basis and cover a latitude range from 53.8-88.8°N and longitudes from —84.0
to 87.2°E. During the ice charting procedure, ice types are classified into different classes depending
on the ice concentrations. The SIC limits and ice type definitions used in the classification can be
found in Table 2 of Dahlke et al. [46]. We accessed the SIC map catalogue [47] using OPeNDAP
to extract SIC maps of the sea region around Svalbard from 2000 until 2019 in order to investigate
whether there are observable correlations between the timing of snow disappearance and sea ice
concentration. An example of the data product extracted from the catalogue is shown in Figure 3 for
5 March 2001. We used the SIC classifications of Dahlke et al. [46] to define the color scale used in
Figure 3. This subregion of data was further divided to calculate the mean daily ice concentration over
four different sea areas surrounding Svalbard in order to investigate whether the region where sea
ice is present influences the timing of snow disappearance and, if so, which area of sea has strongest
influence. These four areas comprise the sea to the northeast, east and west of Svalbard, plus averaging
over the entire sea region surrounding Svalbard. The boundaries of the areas used for averaging SIC are
indicated in Figure 3. For each sea region, we smoothed each year of ice concentration measurements
with a median filter of 15-day width to remove short-lived fluctuations. The smoothed time series
were then temporally averaged over all years in the dataset, for each day of the year.

Table 2. Summary of the decadal trends in first snow-free day, last snow-free day, length of summer
and length of winter, for the three regions Nordaustlandet, Edgeoya and Nordenskiold Land as well as
the average for the whole of Svalbard.

Region FSFD LSFD LS Lw
Nordaustlandet +2.9 +2.9 +1.4 +0.6
Edgeoya -2.8 +2.8 +5.6 -71
Nordenski6ld Land -15 +1.6 +3.3 -4.0
All Svalbard -1.1 +2.5 +4.2 -4.3
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Figure 3. Example of the sea ice concentration around Svalbard on 5 March 2001. The yellow, pink and
green colored boxes indicate the subregions of data that are averaged and correlated with the snow
cover fraction dataset.

This study aims to determine whether ta correlation exists between SIC in different regions around
Svalbard and the timing of snow disappearance, for which we use the MODIS-derived estimates
of FSFD as a proxy. Furthermore, we investigated if proximity to sea ice is important for snow
disappearance by averaging the FSFD estimates over four different areas of Svalbard: Nordaustlandet,
in the northeastern corner of the archipelago; Edgeoya, located in the southeast of the archipelago;
Nordenskioldland, in the central part of the archipelago; and lastly, in the case of the land-averaged
values of FSFD. We integrated the area under the annual ice concentration curves, starting from 1
September of the year prior to the first snow-free day estimates (SIC minimum) until 30 June of the
year after. We did not integrate to dates after 30 June, since it was found that the average date of the
FSFD was 29 June; thus, integrating the ice concentration to a later date will not reveal if the timing of
FSFD was the consequence of the amount of sea ice at a date after snow disappearance has occurred.
The integration approach provided a better measure for distinguishing between years with similar
maximum ice concentrations but different rates of melting. That is to say, the approach better separated
years when SIC declined rapidly after the April maximum from years when SIC remained high for
a longer duration after the April maximum. The integration was carried out by first converting SIC
from percentages to a fraction and applying a trapezoid approximation on the daily mean ice fraction
values, averaged over the four sea regions (Northeast Svalbard, East Svalbard, West Svalbard and the
entire sea region around Svalbard).

The time series of the time-integrated sea ice concentration (hereafter, TI-SIC) and time series of
FSFD were both linearly detrended before performing linear regression. Detrending both time series
allows us to establish whether a correlation exists between the variations in each parameter, rather
than using the absolute values that may include a trend due to the effect of temperature, which likely
affects both parameters. We therefore obtained a set of 16 maximum correlation coefficients and linear
fits corresponding to the maximum correlation for each time series of SIC and FSFD that have been
averaged over four different areas. We also noted the date defining the end of the integration interval
for which the detrended TI-SIC time series was best correlated with the FSFD time series.
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3. Results

In this section, we start by presenting the results of the snow cover fraction mapping, which forms
the basis for estimation of the first and last snow-free days. In Sections 3.2 and 3.3 we present results
from mapping FSFD and the decadal trends in the snow cover parameters. A comparison of FSFD
and LSFD estimated from in-situ snow depth measurements against the MODIS-derived estimates is
shown in Section 3.4. Finally, we use the estimates of FSFD to examine firstly the relationship with
onset of the growing season in Section 3.5 and thereafter the relationship between snow disappearance
and sea ice concentration in Section 3.6.

3.1. Snow Cover Fraction

The total (land-averaged) SCF for Svalbard for all 20 years in the time series is shown in Figure 4.
It can be seen that the variability in total SCF is greatest during the summer period from July to the
end of September. The SCF converges to a minimum value of close to 20% for the majority of years in
the time series, but SCF did not fall below approximately 40% during a few years (most notably 2000
and 2008) due to late season snowfall in August over the northernmost areas of Svalbard.
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Figure 4. Total snow cover fraction over Svalbard as a function of months for all 20 snow seasons.

The average date of the minimum SCF occurs on 8 August (DOY 220), with an average snow
cover fraction of 27.4%. The number of years where the SCF exceeded 50% on 8 August is illustrated
in Figure 5a, while the snow cover fraction on 8 August is mapped in Figure 5b. Figure 5b therefore
allows the areas that contribute most to the land-averaged minimum SCF remaining above 20% during
the period studied (Figure 4) to be identified. While Figure 5b shows that there are large parts of the
archipelago that are close to snow-free (<20%), there is a clear tendency towards higher minimum SCF
in the northernmost areas on Spitsbergen and Nordaustlandet. These areas are fully or close to fully
snow covered in August for many of the years during the study period. In particular, the years 2000
and 2008 experienced late snowfalls in July/August, which resulted in large areas that never became
snow-free (SCF < 50%). The same areas retain high minimum SCF for more than 5 years of the 20-year
time series. Hence, when SCF is averaged over the entire archipelago, the land-averaged minimum
SCF never falls to zero due to these areas with persistent snow cover.
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Figure 5. (a) Number of years when snow cover fraction (SCF) >50% on 8 August and (b) average
snow cover fraction at minimum snow cover 8 August (DOY 220) for 2000-2019.

3.2. Patterns in First Snow-Free Day

Since we wish to study the relationship between snow disappearance and timing of growing
season onset, and between timing of snow disappearance and sea ice concentration, we will mainly
focus on the results of the spatial patterns in FSFD in Sections 3.2 and 3.3. The mean date of the first
snow-free day, averaged over the entire period 2000-2019, is shown in Figure 6. The land-averaged
date for FSFD is DOY 180 (29 June) + 17.8 days. It can be seen from this figure that there are clear
north—south variations as well as variations with elevation. In the northern- and easternmost areas of
the archipelago for example, the mean date for FSFD is typically after DOY 190, or mid-July, while
over Nordenskiold Land it can be seen that the low-lying valley areas exhibit a mean FSFD of DOY
130-170, which is one to one and a half months earlier than compared with the northern parts of the
archipelago. In the mountainous regions over Nordenskiold Land, FSFD occurs as late as the lower
lying areas of the northern parts of the archipelago.
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Figure 6. Mean FSFD for 2000-2019.
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Anomalies in FSFD for each year are shown in Figure 7. These have been calculated by subtracting
the individual pixel values of FSFD from the 2000-2019 average FSFD. The anomalies, or differences
from the 2000-2019 average have been categorized into either >1 week earlier, +1 week change or >1
week later in order to identify years where the timing of snow disappearance occurred much earlier or
much later than the 20-year average. Figure 7 shows that 2000, 2008 and 2009 stand out as years where
the FSFD occurred much later than average over the whole archipelago, while in 2002 and 2013 the
timing of FSFD was much earlier than the 2000-2019 average. During other years in the time series, the
timing of FSFD was either later or earlier than the average for different parts of the archipelago. For
example, in 2007, FSFD occurred >1 week earlier than average on Nordaustlandet in the northeast part
of the archipelago, while on Edgeoya FSFD occurred >1 week later than average, even though it can be
seen from Figure 6 that the mean FSFDs for these two areas are actually very similar and quite late. In
2014, the opposite situation is observed, with Nordaustlandet and western coastal parts of Spitsbergen
exhibiting FSFD which was >1 week later than average, while the timing of snow disappearance on
Edgeoya occurred >1 week earlier than average.
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Figure 7. Figure showing the anomalies in first snow-free day compared with the mean first snow-free
day over the period 2000-2019.
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3.3. Decadal Trends in Snow Cover Characteristics

The four snow cover parameters FSFD, LSFD, LS and LW are mapped for each year in the time
series. Pixel-wise linear regression was performed on the time series of each parameter in order to
obtain the linear trend over the 20-year period. Pixels with more than 1 year of missing data were
excluded from the fitting in order to obtain as reliable fits as possible. The results of the trend mapping
are illustrated in Figure 8a—d for each of the four parameters.
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Figure 8. Trends in (a) first snow-free day (b) last snow-free day (c) length of summer and (d) length of
winter between 2000 and 2019. Trends are given in days decade™.

Figure 8a shows that there are both north—south and east-west differences, with a shift towards
earlier FSFD of >3 days decade™ in the western and central parts of Spitsbergen and across the
island of Edgeoya in the east, while in the northern parts of the archipelago, there is a trend toward
delayed FSFD of >3 days decade™. Some areas within the central parts of the archipelago exhibit
smaller trends of +3 days decade™. The parameters have been averaged over three specific regions to
quantitatively determine the regional differences in FSFD and LSFD: Nordaustlandet in the northeast
of the archipelago, Edgeoya in the east and Nordenskiold Land in the central part of Spitsbergen.
We found that on Nordaustlandet there is a trend of +2.9 days decade™! for FSFD and +2.9 days
decade™! for LSFD. In contrast, the trend in FSFD averaged over Edgeoya, in the east of the archipelago,
was found to be —2.8 days decade™ with corresponding delay in LSFD of +2.8 days decade™!. Similar
but weaker trends are obtained for Nordenskiold Land, with a trend in FSFD of —1.5 days decade™!
and a trend toward later LSFD of +1.6 days decade™. Thus, while the trend in onset of autumnal
snow (Figure 8b), toward later dates is quite consistent across the archipelago, the timing of snow
disappearance is becoming later in the north but earlier in the southern parts of the archipelago.

These changes in FSFD and LSFD in turn affect the length of summer and winter at different parts
of Svalbard, as shown in Figure 8c,d respectively. For the entire archipelago on average, the length of
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summer is increasing by +4.2 days decade™!, though Figure 8c indicates that there are distinct regional
variations. The greatest increases in the duration occur at the western edges of Spitsbergen, while the
remainder of the archipelago exhibits an increase of up to 7 days. On Nordaustlandet the trend in
length of summer is only +1.4 days decade™!, while on Edgeoya and Nordenskiold Land the trends
are somewhat stronger, with increases of +5.6 and +3.3 days decade™!, respectively. With regard to
trends in winter duration, the westernmost and easternmost areas exhibit the greatest reductions, of
>7 days decade™!. On Edgeaya the average trend in winter duration is —7.1 days decade™!, while
the central parts of the archipelago exhibit somewhat weaker reductions of up to 7 days decade™".
On Nordenskisld Land, for example, the reduction was on average —4 days decade™!. This contrasts
with a few isolated areas in the north which exhibit an increase in the length of winter of >7 days
decade™!. Averaged over Nordaustlandet, the mean trend in winter duration is a negligible +0.6 days
decade™. Tt should be noted, however, that a large proportion of pixels on Nordaustlandet did not
possess sufficient data points in the time series for a linear fit to be made for LSFD, summer and winter
duration trends, as illustrated by the grey colored pixels.

In Table 2 below, a summary of the decadal trends in each snow parameter (FSFD, LSFD, LS, LW)
is provided for each of the regions Nordaustlandet, Edgeoya and Nordenskitld Land as well as the
land-averaged decadal trends.

3.4. Correlation with Meteorological Data

Figure 9 (left) shows that there was a significant and positive correlation between the meteorological
estimate of FSFD and the MODIS estimate, with correlation coefficient of 0.77. The bias of —12.32
indicates that FSFD estimates obtained from the MODIS snow cover fraction product were on average
12 days later than those observed from the point snow depth measurements. Qualitatively, the dataset
exhibits more spread in MODIS estimates when FSFD as observed from snow depth measurements
occurs earlier than DOY 150 and better correlation between the two estimates when the snow depth
estimate of FSFD occurs after DOY 150. In the case of LSFD, in the right panel of Figure 9, there
is significantly greater scatter around the regression line, indicating less agreement between the
two estimates and therefore weaker correlation, as noted from the correlation coefficient of 0.48.
The regression line intersects with the equality line when the meteorological LSFD is around DOY 270;
hence, when the meteorological LSFD occurs before DOY 270, the MODIS LSFD estimate is later, and
for meteorological LSFD after DOY 270, the MODIS estimate LSFD is earlier.
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Figure 9. Comparison of the first (left) and last (right) snow-free day estimates derived from snow
depth measurements made at the six observational sites listed in Table 1 and those derived from the
Moderate Resolution Imaging Spectroradiometer (MODIS) snow cover fraction product. Both datasets
have been filtered to exclude estimates during the polar night period (DOY > 306) where MODIS data
are unavailable. The black line indicates where the estimates would be equal and the linear regression
result is highlighted by the solid blue line.
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3.5. Relationship between Snow Disappearance and Growing Season Onset

The mean difference, or length of time from snow disappearance to onset of growth averaged
over the 17-year dataset is shown in Figure 10. The difference has been split into four categories
corresponding to; <7 days, 7-14 days, 14-21 days and >21 days. In instances where the difference
between GSO and first snow-free day was less than zero, i.e., growing season onset date occurred
before first snow-free day, these pixels were excluded from the averaging. Figure 10 shows that the
shortest differences of <7 days are concentrated on the east side of Edgeoya and on Reinsflya, which is
situated at the northern end of Svalbard. These areas have cold summers with short growing seasons.
On Nordenskiold Land there is also much variation in the difference, with the central and southern
parts exhibiting a mean difference of typically <7 days, mostly at higher elevations, or 7-14 days,
mostly in the warm valley floors. However, in the valley floor of Adventdalen, close to Longyearbyen,
the mean difference is typically in the range of 14-21 days, with some parts >21 days. Further north
of Nordenskiold Land there are not clear spatial patterns in the difference, with some coastal areas
exhibiting differences of up to 14 days, while other coastal areas show differences between snow
disappearance and GSO of >14 days. However, we found that for the whole of the nonglaciated parts
of Svalbard, the difference between snow disappearance and the start of the growing season was on
average 12.4 + 1.7 days (minimum = 9.5 days, maximum = 17.7 days) when the entire 17-year period
was considered.
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Figure 10. Mean difference between growing season onset and first snow-free day, averaged
over 2000-2016.

Figure 11 shows the average relationship between FSFD and onset of the growing season, as
obtained through the data reduction procedure described in Section 2.5. Overall there is a linear
relationship between GSO date and FSFD for the majority of years, especially over the interval where
FSFD occurred between DOY 160 and DOY 210. For earlier FSFD occurrence, there is a greater degree
of spread in the timing of GSO, indicating that there was a larger variation in the difference for earlier
snow disappearance dates, likely determined by the average air temperatures after snow disappearance.
Certain years emerge with greater occurrence of early snow disappearance; for example, in 2006 there
was a greater proportion of pixels where the FSFD occurred before DOY 135 compared with all other
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years in the dataset. However, the corresponding average GSO date remains almost unchanged at
approximately DOY 165 over the interval where FSFD occurred between DOY 115-135, which is
equivalent to a difference that is on average 30-50 days between FSFD and the start of the growing
season. Figure 11 also shows that the date of GSO was consistently early in 2016 compared with other
years. Similarly, the earliest occurrence of FSFD in 2016 was rather early compared with other years,
with the exception of 2006. In contrast, the average growing season date in 2000 and 2008 occurred late
relative to the timing of FSFD, and the high minimum value of FSFD for these two years indicates that
snow disappearance also occurred late compared with other years in the dataset.
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Figure 11. Scatterplot showing the relationship between first snow-free day and the average growing

season onset (GSO) date. The mean growing season date for all years is indicated by the dashed line

and the dashed-dot line indicates where first snow-free day would be equal to growing season onset.

In general, Figure 11 shows that when snow disappearance occurred late (DOY 190, 9 July), there is
a difference of 5 to 10 days until onset of the growing season, while for earlier FSFD (DOY 160, 9 June)
the difference ranges from 10 to 25 days. Hence, in years with early FSFD, there is a greater difference
between GSO and FSFD compared with years when FSFD occurred later.

The relationship between the difference between FSFD and GSO and mean daily temperature
in this period for the sites Hornsund, Longyearbyen and Ny-Alesund is illustrated in Figure 12.
Only Longyearbyen and Ny-Alesund had complete time series for the mean daily temperature,
while for Hornsund there were some years with missing temperature data. For all three sites
there were complete time series of the difference between GSO and FSFD. Figure 12 indicates
that occurrences of greater (smaller) differences are due to cooler (warmer) average temperatures,
indicated by the negative slope of the regression line. At Ny-;\lesund for example, where the
difference between snow disappearance and GSO was generally shorter (minimum = 5.2 days,
maximum = 17.5 days), the mean daily temperatures are also higher (mean = 4.4 °C, variance = 1.3 °C)
than at Longyearbyen (mean = 2.3 °C, variance = 1.0 °C) where the difference between FSFD and GSO
was longer (minimum = 13.7 days, maximum = 36.7 days). At Hornsund, the spread in difference
is quite large (minimum = 1.5 days, maximum = 22.5 days), while the corresponding mean daily
temperature during the period between snow disappearance and GSO was confined to a smaller range
of about 2 °C. It should be noted though, that the mean daily temperatures being compared in Figure 12
correspond to different times of year. This is because the mean FSFD at Longyearbyen typically occurs
up to a month earlier than at, for example, Ny-Alesund (c.f. Figure 6) which explains why the data in
Figure 12 shows lower average temperatures for Longyearbyen despite its more southerly location
in comparison with Ny—Alesund. Despite the data points being spread about the regression line, the
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correlation is quite strong and negative (r = —0.75) and significant (p < 0.05). The range and mean
values of the difference and mean daily temperature for the three sites are summarized in Table 3.
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Figure 12. Relationship between mean daily temperature (in the period between snow disappearance
and GSO), and the length of the time between snow disappearance and GSO calculated for Hornsund,
Svea, Longyearbyen and Ny-Alesund.

Table 3. Summary of the minimum, maximum, mean and variance in the difference between first
snow-free day and growing season onset, and the mean daily temperature in the period between FSFD

and GSO.
Station Years Difference Mean Difference Temperature Mean
Range (Days) (Days) Range (°C) Temperature (°C)
Hornsund 7 1.5-22.5 10.9 2.7-4.8 3.7
Longyearbyen 16 13.7-36.7 275 0.3-4.2 23
Ny-Alesund 17 5.2-17.5 9.6 1.7-6.3 4.4

3.6. Correlation with Sea Ice Concentration

Time series of the spatially and temporally averaged SIC are illustrated for each of the four sea
regions (c.f. Figure 3) in Figure 13a-d together with the minimum and maximum SIC indicated by the
dashed lines. For all regions, the maximum mean SIC is reached in the beginning of April and falls
to a minimum in the start of September. Similarly, for all regions, the variation is smallest between
lowest and highest SIC at April maximum, while there is greatest variation between the lowest and
highest values of the mean SIC at the start and end of year. The mean SIC is typically highest in the
sector northeast of Svalbard, ranging from a mean minimum concentration of just over 40% to a mean
maximum concentration of approximately 85%. This contrasts with SIC in the sector west of Svalbard,
where warm Atlantic water is driven northwards by the West Spitsbergen Current and inhibits the
formation of sea ice. As a result, SIC is overall lower compared with SIC in the east of Svalbard, with
much smaller range between the mean minimum and maximum SIC, ranging from 20% to 40%.
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Figure 13. Sea ice concentration per DOY averaged over 19 years for subregions of the sea area around
Svalbard as shown in Figure 4: (a) sea region northeast of Svalbard; (b) sea region east of Svalbard;
(c) entire sea region around Svalbard; (d) sea region west of Svalbard. Solid lines indicate the average
sea ice concentration (SIC), and the minimum and maximum SIC are shown by dashed lines.

As outlined in Section 2.6, linear regression was performed on detrended time series of TI-SIC,
and FSFD and correlation coefficients were obtained for each pair of TI-SIC and FSFD linear fits, using
the four different sea ice regions and four land regions for which FSFD has been averaged. The set of
16 maximum correlation coefficients, together with the corresponding p-values, are summarized in
Table 4.

Table 4. Summary of the maximum correlation between the detrended time series of FSFD for four
averaging areas and time-integrated sea ice concentration (TI-SIC) for four subareas of the sea around
Svalbard. Asterisks indicate correlations that were statistically significant at the 95% level.

Sea Ice Area Land Average Nordaustlandet Edgeoya Nordenskiéldland

NE Svalbard 0.59,p =0.010* 0.69, p =0.002 * 0.54,p =0.020 * 0.43,p =0.073
East Svalbard 0.54,p =0.021 * 0.64, p = 0.004 * 0.56, p =0.016 * 0.42,p =0.081
Entire Svalbard 0.44, p = 0.066 0.60, p = 0.008 * 0.48,p=0.044* 0.30, p = 0.220
West Svalbard 0.48,p=0.042* 0.63, p = 0.005 * 0.39,p =0.110 0.38, p =0.116

Table 4 shows that the strength of the correlation between TI-SIC and FSFD variations varied
according to both the region the sea ice that data was averaged over and the area over which the
FSFD was averaged. Strongest correlations were obtained when TI-SIC variations averaged over
the sea northeast of Svalbard were correlated with FSFD variations averaged over Nordaustlandet.
Furthermore, this maximum correlation (r = 0.69, p = 0.002) was achieved when SIC had been integrated
over the entire period investigated (1 September to 30 June). The correlation between FSFD variations
over Nordaustlandet and TI-SIC variations was significant for all four sea ice regions investigated.
In contrast, using the time series of FSFD variations that had been averaged over Nordenskioldland,
representing the central parts of Svalbard, resulted in the weakest correlations with SIC variations
regardless of the region of sea ice investigated. For Edgeoya, in the southeast of the archipelago, we
note that the correlation between FSFD and TI-SIC was weaker but was greatest when using SIC
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averaged over the sea region east Svalbard. It is interesting to note that the maximum correlation
between FSFD variations on Edgeoya with three of the sea ice regions (northeast, east, all of Svalbard)
was obtained when SIC had been integrated from 1 September to mid-October (not shown) and not
over the entire period (which was the case for Nordaustlandet). Correlation coefficients obtained for
the land-averaged FSFD variations were somewhat weaker compared with those obtained for FSFD
variations on Nordaustlandet only but were nevertheless greater than the correlation using FSFD
variations averaged only over Edgeoya and Nordenskiold Land.

Figure 14a shows the time series of the correlation coefficients that were obtained when correlating
the detrended time series of TI-SIC for the four sea regions with FSFD variations for Nordaustlandet,
where the strongest correlations with TI-SIC variations were obtained. For reference, the detrended
time series of TI-SIC at DOY 180 for Northeast Svalbard, which produced maximum correlation, is
shown together with the detrended time series of FSFD in Figure 14b. What is common for all sea
regions is that the correlation with the FSFD variations continued to increase when the integration
period was extended beyond April, which coincides with the declining phase of SIC. Equivalent figures
for FSFD on Edgeoya, Nordenskitld Land and the land average are included in the Appendix A.
Figure 15 shows the TIC-SIC variations for the sea region Northeast Svalbard, which resulted in the
greatest correlation together with the FSFD variations averaged over Nordaustlandet. Linear fits are
shown for correlations that were significant at the 95% level.
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Figure 14. (a) Correlation between TI-SIC and FSFD variations averaged over Nordaustlandet,
calculated for SIC integrated from 1 September of the previous year to each consecutive day of year
until 30 June of the following year, for the four sea ice regions. The maximum correlation coefficients
for each sea region and the associated p-values are stated in the legend. (b) Time series of the TI-SIC
variations for the sea region northeast of Svalbard that produced maximum correlation with the time
series of FSFD variations over Nordaustlandet.
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Figure 15. Scatterplots showing the relationship between detrended TI-SIC and FSFD variations
averaged over Nordaustlandet, using the TI-SIC time series that gave the highest correlation with the
detrended FSFD time series for the four sea ice regions (a) Northeast Svalbard (b) East Svalbard (c)
All Svalbard and (d) West Svalbard. Values of maximum correlation (r) and p-values are stated in the
legend. The day of year associated with maximum correlation between TI-SIC and FSFD is also stated.

4. Discussion

This study has utilized a 20-year MODIS Terra snow cover dataset to derive the snow cover fraction
for the periglacial landscape of Svalbard. The time series of snow cover fraction has been used together
with an algorithm that was previously developed for Northern Scandinavia [23] to estimate both the
first snow-free day (FSFD) and last snow-free day (LSFD) for the nonglaciated areas on Svalbard. The
FSFD estimates have been used as an indication of timing of snow disappearance for seasonal snow
cover on Svalbard, from which we have studied its link to the timing of phenological processes, namely
the start of the growing season, and its relationship to variations in sea ice concentration surrounding
the archipelago. This section will address the main findings of each aspect of this work and discuss
how they fit in with current knowledge.

4.1. Geographic Patterns of First and Last Snow-Free Days

For Svalbard as a whole, the average date of FSFD was found to be DOY 180 or 29 June, while
the average date of minimum snow cover fraction for Svalbard as a whole was 8 August, with the
average snow cover fraction on this date being 27.4%. Our results indicate that while the majority of
the central and southern areas of Svalbard are completely snow-free on this date, there are nevertheless
areas in the northernmost part of Spitsbergen and Nordaustlandet that remain partially snow covered,
with >50% snow cover fraction for many years of the 20-year dataset, explaining why the average
minimum snow cover fraction for the whole of Svalbard remains above zero. However, the time series
of the land-averaged FSFD did not reveal any significant trend, which is in agreement with earlier
modeling studies of seasonal snow disappearance on Svalbard [17,48]. On the other hand, studies of
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snow disappearance date over glaciated regions of Svalbard using QuikSCAT datasets have earlier
reported on a general trend toward earlier snow disappearance [21], despite their time period of study
being less than half that which was studied in this work.

The spatial patterns in FSFD trends indicated that predominantly western, southern, eastern and
some central parts of Spitsbergen experience a trend toward earlier FSFD, while isolated areas furthest
north on Spitsbergen and Nordaustlandet exhibit a trend of later snow disappearance over the two
decades studied. These regional trends are in partial agreement with the results of Rotschky et al. [21],
for scatterometer detection of snow melt onset over the glaciated parts of Svalbard, and Van Pelt et
al. [17], where trends in snow disappearance date were mapped for both the periglacial and glaciated
landscape of Svalbard. In the modeling results of Van Pelt et al. [17] for the period 1961-2012, a trend
toward earlier snow disappearance of around -1 day per decade was obtained over western and
central parts of Svalbard, while a trend toward later snow disappearance of up to 4 days decade™! was
found over northern and eastern parts of Svalbard. Thus, our results differ primarily over Edgeoya, in
the east of the archipelago and over southern Spitsbergen. It may be noted that the spatial patterns of
FSFD trends coincide qualitatively rather well with the spatial patterns of precipitation trends from
modeling rather than the trends in warming [17], which may provide some insight into the factors
that have greatest influence on the trends in snow disappearance. However, on a land-averaged basis,
the date of snow disappearance derived from the MODIS dataset leads the average date of snow
disappearance obtained from snowpack modeling [17] by approximately 10 days. This is most likely
explained by the threshold used to define snow disappearance in this study, where snow cover fraction
at the individual pixel level may still be up to 50% while being defined as snow-free.

Across the majority of Svalbard, the timing of snow onset in the autumn, or LSFD, is becoming
later, with the land-averaged trend being +2.5 days decade™, which was not significant (p > 0.05).
These patterns in snow onset are also consistent with the earlier snowpack modeling results, where
positive trends in snow onset date (i.e., later LSFD) were present over the entire archipelago. Earlier
snow disappearance and later autumn snow onset resulted in an increase in the duration of the
summer season for these areas and a corresponding reduction in the duration of winter. We found
that the greatest changes in the duration of summer and winter occur on Edgeoya, where the increase
in duration of summer was on average 5.6 days decade™!, while winter has become shorter by on
average 7.1 days decade™. In contrast, the smallest changes in duration of summer and winter are
found in the furthest north of the archipelago, where the trend in summer duration averaged over
Nordaustlandet was found to be only +1.4 days decade!, while the duration of winter changed by
only +0.6 days decade™.

From the spatial patterns of trends in precipitation and temperature over Svalbard, Van Pelt et
al. [17] concluded that the later disappearance of snow in the northern regions was to a greater extent
controlled by trends of increased winter snowfall rather than spring snowmelt. Increased winter
precipitation over the northeastern parts of Svalbard has been projected from regional climate model
simulations [49] and has previously been suggested to be a likely driver of observed ice cap growth on
Austfonna, an ice cap located on Nordaustlandet [32], whereby winter snow accumulation exceeds
spring snow loss due to melting. Here, the increased winter precipitation was linked to sea ice decline
in the adjacent Barents Sea and resulting increased moisture transport over Nordaustlandet. A decline
in autumn Arctic sea ice extent has in many studies been linked to increased snowfall in Northern
Europe during late autumn/early winter, as it provides an enhanced moisture source that increases the
humidity of the Arctic air mass [50,51]. Whether increased winter precipitation over the northern parts
of the archipelago can explain the trend toward later FSFD has not been ascertained in this study since
we have not used meteorological data from these parts of the Svalbard. However, we have explored
the topic of how the timing of FSFD is related to variations in sea ice concentration, which may provide
deeper insight into whether this is the mechanism behind the observed spatial variations in FSFD
trends across Svalbard, and this is dealt with in Section 4.2.
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4.2. Link between FSFD and Sea Ice Concentration Variability

We have found a significant positive correlation between variations in the TI-SIC and FSFD,
which are strongest when considering SIC over the sea to the northeast and east of Svalbard (c.f.
Figure 13) and when correlating SIC that has been integrated over the entire winter/spring. Moreover,
the strongest correlation was obtained when correlating TI-SIC variations with FSFD variations over
Nordaustlandet, located in the northeastern corner of the archipelago. This result would indicate
that proximity to the sea ice region may be important for sea ice variations to have an influence on
the timing of snow disappearance on land, possibly by influencing the local/regional temperatures,
since surface air temperatures in Svalbard are known to be sensitive to sea ice edge proximity [30].
Rotschky et al. [21], in their study of snowmelt over glaciated regions of Svalbard, also discussed that
melt onset and duration were sensitive to interannual variations in the sea ice edge location, though
no quantitative analysis of the link between sea ice and melt onset was presented. Our results also
show that the strength of the correlation between TI-SIC variations and FSFD increase when SIC is
integrated to later intervals following the start of April, which is typically the timing of maximum SIC.
This suggests that SIC, during its declining phase after maximum (which is controlled by the rate of
melting), becomes increasingly stronger linked to the timing of snow disappearance on Svalbard. Here,
years with lower-than-average SIC were increasingly distinguished from years with above average SIC
as the melting period progresses toward the end of spring, when snow disappears on Svalbard.

Terrestrial productivity on Svalbard is coupled to sea ice at the subregional/local scale through
cold air advection from ice-covered ocean [44], and correlation between productivity and sea ice
concentration has been observed to decrease with distance from the coast [6]. Since the onset of
terrestrial productivity follows the timing of snow disappearance, it could be expected that the processes
responsible for sea ice—terrestrial productivity coupling may also explain the observed relationship
between sea ice and timing of snow disappearance. A recent study on the link between surface
temperature, atmospheric circulation (AC) types and SIC in Svalbard found strongest correlations
between SIC and anticyclonic AC types originating from the north and northeast during winter [12]
which are associated with lowest air temperatures regardless of season. Coupled with earlier knowledge
that air temperatures are influenced by proximity to sea ice [30], we therefore suggest that sea ice
presence, allowing cold air masses of northerly origin to be advected onto surrounding land, would
also result in lower air temperature and thereby preserve snow cover on land for longer than average.
Snow cover itself also possesses high albedo, thereby maintaining lower air temperatures in regions
close to ice through feedback effects and therefore hindering ice melt. This may explain why the
correlation is also strongest between TI-SIC and FSFD on Nordaustlandet, which is situated closest to
the region of highest SIC in the north and northeast of Svalbard. However, while the strong correlation
between surface air temperature (SAT) and SIC for air masses originating from the north and east of
Svalbard has earlier been reported [12], a very recent study on trends in SAT and sea ice extent (SIE)
across Svalbard for 19802016 reports that correlation between SAT and SIE is greater when SIE time
series lag SAT by one month compared with the opposite case when time series of SAT lag SIE by
one month. This led the authors to conclude that sea ice is more prone to SAT forcing rather than
SIE driving variations in SAT [46]. Hence, while it appears that sea ice presence can directly affect
air temperatures on adjacent land masses and therefore influence when snow melts during the same
season, the relationship between sea ice and air temperature is rather complex, with feedbacks going
in both directions. One additional aspect of the effect of sea ice on timing of snow disappearance that
we have not addressed in this current study is whether sea ice loss in the preceding spring season may
have a link to the observed timing of snow disappearance the following year. This is a topic deserving
of further study, since it is well known that sea ice loss during the warm months allows larger areas of
open water to absorb more solar radiation, thereby creating a heat sink that later acts as a source of
upward long-wave radiation which warms the lower troposphere during the following winter [3].

Earlier studies have linked September sea ice decline to increased moisture transport due to
a greater area of open water and hence increased precipitation as snow during late autumn and
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winter [51-53]. An increase in autumn/winter snowfall due to this mechanism would produce a deeper
snowpack, which would possibly require a longer interval to melt and hence a later-than-average
FSFD. We note from our dataset that even though the correlation between FSFD and TI-SIC variations
in September was not as great as that obtained from integrating SIC over the entire winter and spring,
the correlation between FSFD and TI-SIC variations in the region northeast and east of Svalbard was
both positive (~0.5) and significant (p-values of ~0.02-0.04), indicating that lower-than-average SIC is
correlated with earlier-than-average FSFD and not later-than-average FSFD. Furthermore, we did not
find a significant declining trend in the September-averaged sea ice concentrations for any of the four
regions during this period (2000-2019) studied. Even though our results seem to suggest that there is,
on average, a trend toward longer winters over the northern parts of Nordaustlandet, which is also the
part of the archipelago most strongly correlated with TI-SIC variations, our results do not point to
increased winter precipitation resulting from declining sea ice as an important contribution, though
overall increases in precipitation over this part of the archipelago may well be explained by large-scale
warming trends. However, since we have not utilized gridded precipitation data, and since the trends
in winter duration are not significant, these conclusions remain nevertheless rather speculative.

4.3. Timing of Snow Disappearance and Its Effect on Phenology

The timing of snow disappearance is an important factor that determines the timing of greening
and vegetation growth on Svalbard. We have combined our dataset for first snow-free day with
a MODIS NDVI-based dataset for growing season onset [25] in order to quantify the relationship
between timing of snow disappearance and the start of the growing season. Our results indicate
that the mean difference, averaged over the period 2000-2016 for the vegetated part of Svalbard, is
12.4 + 1.7 days, but there was a lack of trend in the land-averaged difference. In Adventdalen valley,
close to Longyearbyen, the difference is mostly between three and four weeks. Cooper et al. [24]
studied the average time from snow disappearance to green-up and flowering of 13 vascular species in
Adventdalen and found large individual differences between the species, however with averages of
3 weeks to green-up and 5 weeks to flowering. This study works on an aggregate level, with 500 m
pixel resolution, but our results are still in accordance with the earlier findings [24]. Furthermore, our
results show that for areas with early snow disappearance, the length of time to GSO is longer than for
areas with late snow disappearance (for example, in the north of the archipelago). This relationship
has also been found for the timing of flowering [26] with respect to snow disappearance in North
America. In addition to mapping the difference between snow disappearance and GSO for the entire
archipelago, we have examined the influence of temperature on the observed variations in the length
of time between snow disappearance and GSO. The northernmost site, Ny-Alesund, with mean daily
temperature of 4.4 °C, typically exhibited the smallest range in difference, varying from 5 days to
2.5 weeks, while the length of time at Longyearbyen was of the order 2 to 5 weeks, with a mean
difference of approximately 4 weeks between snow disappearance and the date of GSO and lower
mean daily temperature of 2.3 °C. The higher mean temperature at the more northerly latitude of
Ny-Alesund is explained by the later timing of snow disappearance, which is typically one month later
than at Longyearbyen and is therefore associated with warmer daily temperatures during the period
between snow disappearance and onset of the growth season. We also found a significant negative
and linear relationship (r = —0.75, p < 0.05) between the length of time between snow disappearance
and GSO and the mean daily temperature during this period, indicating the dependence of the GSO
on the mean air temperatures following snow disappearance.

Potential implications of the trend toward earlier snow disappearance over large parts of the
archipelago may include reduced productivity, since both timing of snowmelt as well as snowpack
accumulation is strongly linked to the levels of soil water storage and hence water availability during
the growing season [54-56]. In addition, earlier snow disappearance can expose plants at a time of year
when the air temperature is still low, which is known to lead to frost damage [26] and may result in
slower rates of growth [29]. Moreover, a study of maximum NDVI (Normalized Difference Vegetation
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Index), which is an indicator of vegetation productivity, over central parts of Svalbard from 1986-2015
reported on a general greening trend which was linked to trends of increasing temperature over the
study period [57]. However, it was shown that the rate of greening slowed during the second half of
the study period, which has subsequently been attributed to more frequent occurrences of extreme
winter warming events [58,59], but we do not rule out the possibility that the slower rates of greening
since the start of the millennium may also have links to timing of spring snow disappearance, which
can be affected by winter warming events through changes in the snowpack accumulation.

4.4. Comparison with Meteorological Data

One of the primary limitations of the method for estimating FSFD and LSFD implemented in this
study was cloud cover presence in MODIS images, which introduced uncertainties on the order of
7 days based on the average number of days between cloud-free images for Svalbard as a whole. Using
in-situ ground-based measurements of snow depth recorded at six meteorological stations, we found
that there was a strong and positive correlation between the two estimates, but MODIS FSFD estimates
were on average 12 days later than those obtained from snow depth measurements. A weaker but
nevertheless significant positive correlation was also found for estimates of LSFD but with a bias
indicating that MODIS estimates were on average 6 days earlier than those inferred from snow depth
measurements. Due to the large differences in spatial area associated with the two types of estimate of
FSFD and LSFD (point measurements vs. 500 m grid), it is unsurprising that there are discrepancies
between the estimates. Further validation of the MODIS dataset is planned to follow this study, and
we endeavor to combine multiple and complementary remote sensing snow cover datasets in order to
carry out a more in-depth accuracy assessment and thereby identify potential improvements to the
methodology outlined in this study.

5. Conclusions

This work has exploited a 20-year MODIS Terra dataset to derive snow cover fraction maps for
the Svalbard archipelago from 2000-2019. From this product, we have estimated and mapped the
first and last snow-free days as a proxy of snow disappearance and onset timing. For large parts of
the archipelago, we found trends toward earlier FSFD and later LSFD, resulting in longer summer
duration along with a corresponding decrease in the duration of winter. The exception to this trend
was found at the northernmost end of the archipelago, where both snow disappearance and snow
onset are trending toward later dates. Consequently, there were marginal increases of the order +1 day
decade™ in both the duration of summer and following winter for these areas. For the archipelago as
a whole, we obtained decadal trends in FSFD and LSFD of —1.1 and +2.5 days decade™!, respectively,
but in both cases the trends were not significant.

Furthermore, we have investigated the difference in date between snow disappearance and the
timing of the phenological growing season. For the Svalbard archipelago as a whole, we found that
the average difference between FSFD and GSO was 12.4 days; however, there were both significant
regional and interannual variations. In areas with very early snow disappearance, the average time to
onset of growth was much larger (>20 days) compared with areas with very late snow disappearance
(<10 days). Using meteorological data recorded at Hornsund, Longyearbyen and Ny-Alesund, we
found a significant negative correlation between the length of the time to GSO and mean daily
temperature recorded in the interval between snow disappearance and start of the GSO.

In the final part of this study, we conducted an analysis of the relationship between timing of
snow disappearance and time-integrated sea ice concentration by correlating detrended time series
of FSFD and TI-SIC for four different regions of sea ice and four land regions. A significant positive
correlation between TI-SIC variations and FSFD variations was obtained when FSFD averaged over
Nordaustlandet was correlated with TI-SIC variations that had been averaged over the sector to the
northeast of the archipelago, indicating that proximity to sea ice allows the variations in TI-SIC to
play an important role in regulating the regional climate and hence the timing of snow disappearance.
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Moreover, the correlation reached a maximum when SIC had been integrated over the whole period and
exhibited an increasing trend during the melting phase after April. Our interpretation of these results
is that the correlation becomes stronger when integrating to intervals after maximum SIC because years
of lower-than-average SIC become more strongly distinguished from years of greater-than-average SIC
and hence variations in the time-integrated product follow more closely the interannual variations
exhibited by timing of snow disappearance. Since we have not made use of gridded temperature and
precipitation data in this study, it has not been possible to establish whether there is a connection
between sea ice concentration, winter precipitation and timing of spring snow disappearance; however,
this will be one of the future goals of a follow-up study.

The results of this paper will be expanded upon in the ESA Cryosphere Virtual Laboratory
project using Open Scientific standards, with the main objective being to compare the MODIS snow
cover dataset with a wide range of openly available datasets for Svalbard. As such, we aim to
improve the temporal and spatial resolution of the current snow cover fraction dataset by investigating
the possibilities of data fusion, especially for the MODIS snow cover product with other higher
resolution datasets.
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Figure A3. (a) Correlation between TI-SIC and FSFD variations averaged over Edgeoya, calculated for
SIC integrated from 1 September of the previous year, to each consecutive day of year until 30 June the
following year, for the four sea ice regions (b). Time series of FSFD variations averaged over Edgeoya
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Figure A4. As for Figure A3 but for FSFD variations over Nordenskiold Land and TI-SIC for
Northeast Svalbard.
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for Northeast Svalbard.
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Abstract: Reliable and accurate mapping of snow cover are essential in applications such as water
resource management, hazard forecasting, calibration and validation of hydrological models and
climate impact assessments. Optical remote sensing has been utilized as a tool for snow cover
monitoring over the last several decades. However, consistent long-term monitoring of snow cover
can be challenging due to differences in spatial resolution and retrieval algorithms of the different
generations of satellite-based sensors. Snow models represent a complementary tool to remote
sensing for snow cover monitoring, being able to fill in temporal and spatial data gaps where a lack
of observations exist. This study utilized three optical remote sensing datasets and two snow models
with overlapping periods of data coverage to investigate the similarities and discrepancies in snow
cover estimates over Nordenskiold Land in central Svalbard. High-resolution Sentinel-2 observations
were utilized to calibrate a 20-year MODIS snow cover dataset that was subsequently used to correct
snow cover fraction estimates made by the lower resolution AVHRR instrument and snow model
datasets. A consistent overestimation of snow cover fraction by the lower resolution datasets was
found, as well as estimates of the first snow-free day (FSFD) that were, on average, 10-15 days later
when compared with the baseline MODIS estimates. Correction of the AVHRR time series produced
a significantly slower decadal change in the land-averaged FSFD, indicating that caution should
be exercised when interpreting climate-related trends from earlier lower resolution observations.
Substantial differences in the dynamic characteristics of snow cover in early autumn were also present
between the remote sensing and snow model datasets, which need to be investigated separately. This
work demonstrates that the consistency of earlier low spatial resolution snow cover datasets can be
improved by using current-day higher resolution datasets.

Keywords: polar regions; snow cover; remote sensing; snow modelling; MODIS; Sentinel-2

1. Introduction

Snow cover is a crucial component of the climate system, with its high albedo allowing
up to 90% of incoming solar radiation to be reflected. Snow is also an important insulator,
and in cold climates such as those found in the high latitude regions, it protects underlying
soil and vegetation from frost damage. However, past and present changes in the global
climate have been producing pronounced effects in the polar regions, as increasing temper-
atures lead to loss of snow, glacier and sea ice cover which in turn reduce the surface albedo
and increase absorption of solar radiation, producing even greater warming [1]. The Sval-
bard archipelago, located in the High Arctic, is heavily glaciated and glaciers alone make
up 57% of the total land area of Svalbard [2]. However, as a result of a warming climate,
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the spatiotemporal characteristics of seasonal snow cover on Svalbard have undergone
significant changes in the past two decades, with large parts of the archipelago exhibiting
trends of earlier spring snowmelt and disappearance [3,4]. Projected changes in climate, as
outlined in a recent report on the future climate of Svalbard, indicate that by 2100, increases
of 3-4 °C and 6-8 °C in the mean annual temperature can be expected for the west coast and
northeastern regions respectively, compared with the 1961-1990 average [5]. Such marked
warming will inevitably lead to significant impacts across the cryosphere, hydrosphere and
biosphere, as changes in snow and ice cover affect timing and intensity of surface runoff
and water storage and availability. On average, predictions for Svalbard indicate more
than doubling of the snow-free season length and total runoff from glaciers and seasonal
snow between 1957-2018 and 2019-60 for a RCP4.5 emission scenario [6]. Snowpack wa-
ter content is an important component of the hydrological cycle; therefore, snow cover
mapping is useful in both assessing water resources and for calibration of hydrological
models [7-9] through data assimilation [10]. Up-to-date, detailed information on snow
cover and conditions is also an important element for forecasting of natural hazards such
as avalanches, slush flows and snowmelt floods, all of which may occur more frequently in
a warming climate. Knowledge of snow water equivalent (SWE) in mountain catchments
is also crucial to the hydropower industry, especially for management of seasonal water
resources. Operational daily maps of simulated snow conditions have already existed for
15 years for mainland Norway. However, there is an absence of detailed, spatiotemporal
information of snow conditions on Svalbard, despite the obvious relevance and need for
such information in, for example, natural hazard forecasting on Svalbard and planning of
outdoor and tourism activities.

The evolution of snow parameters can be simulated continuously in space and time
through utilization of snow models. These require a surface meteorological forcing, which
is either obtained from output of regional climate/numerical weather prediction models
or reanalysis datasets for large-scale modelling. The evolution of the seasonal snowpack
over land in Svalbard is dominated by snow accumulation during autumn and winter
and subsequent melting during late spring and summer. Snow accumulation and spring
maximum snow depth is mostly determined by cumulative precipitation in the form of
snow during autumn and winter, while snowmelt depends on land-atmosphere interactions
that can be estimated using simple melt-air temperature relationships such as the positive-
degree day model, or more sophisticated models that solve the surface energy balance.
Snow models therefore represent a valuable tool for filling spatial and temporal gaps in
observational datasets. Moreover, they can simulate snow over longer time-periods and
larger spatial domains than observational datasets. Essential to snow model calibration
and validation is the use of in situ and/or remote sensing snow products, estimates of
SWE, snow depth, density, temperature and water content. However, measuring snow
parameters traditionally by means of in situ observations provide only point measurements
and is limited in spatial coverage. Furthermore, the installation and maintenance of
networks of meteorological instruments is often challenging in high mountain and remote
terrain environments.

Remote sensing of snow cover provides a means of observing snow cover over large
spatial areas that cannot be fulfilled by in situ observations alone and has been well-
reviewed in recent years [11,12]. Optical sensors make detection of snow possible by
utilizing the reflectance characteristics of snow at different wavelengths. Snow is dis-
tinguishable from other types of surface cover due to its high reflectance properties at
visible wavelengths, low reflectance in the near infrared band and shortwave infrared
wavelengths [13]. Several generations of optical sensors have now been acquiring data
globally for several decades; the Moderate Resolution Imaging Spectroradiometer (MODIS)
onboard the Terra and Aqua satellites has been acquiring optical images since 2000, from
which the Normalized Difference Snow Index (NDSI) can be derived [14] as well as frac-
tional snow cover [15]. Recently, a 20-year MODIS snow cover fraction (SCF) dataset for
Svalbard based on the NASA MOD10A1-product [16] at 500 m spatial resolution has been
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produced and investigated [4]. Other spaceborne optical sensors include the Advanced
Very High-Resolution Radiometer (AVHRR) instrument, which has flown onboard polar
orbiting satellites since the late 1970s and provides observations for monitoring snow cover
extent (SCE). The instrument has approximately 1 km spatial resolution, but only data at a
reduced effective resolution of approximately 4 km is permanently archived and available
with global area coverage (GAC). Meanwhile, newer more sophisticated optical sensors on
board the Sentinel-2 A and B satellites have been delivering data over Svalbard since 2016
at a nominal 10 m pixel spacing. Since the launch of the Sentinel-2B satellite in 2017, daily
coverage of Svalbard has also been possible, therefore providing unrivalled opportunities
to study snow cover changes in Svalbard at high temporal and spatial resolution. A re-
cent study has begun to address the similarities and differences in fractional snow cover
retrievals using three optical sensors at different resolution and extracted using retrieval
algorithms for a study site in northwest Svalbard [17]. The remote sensing observations
were further validated by very high-resolution terrestrial photography. Even though the
study area and time period were limited in extent, the results nevertheless indicate that
there exist discrepancies when comparing observations from lower and higher resolution
sensors, as well as the methods used to retrieve them. Furthermore, compiling long term
climate records and linking observations to climatic variations by combining data from
different sensors that cover different time periods inevitably becomes challenging due to
mixed-pixel problems creating biases in fractional snow cover estimates when aggregated
over large areas [18].

Despite the existence of multiple optical satellite datasets and snow model datasets,
there is an obvious lack of continuity and consistency with respect to spatial resolution
and periods of data coverage. Moreover, few attempts have been made that demonstrate
how current-day, high resolution remote sensing datasets can be used to reconstruct and
upscale snow cover observations of the earlier, low resolution datasets that often provide
long time periods of data coverage. This is especially true for the high latitude Svalbard
archipelago, where changes in seasonal snow are occurring faster than snow-covered areas
at lower latitudes. Furthermore, studies of snow cover to date have often only utilized
either remote sensing or modelling and there is therefore a need for large scale comparisons
between different resolution sensors and models as well as evaluating the relative strengths
and weaknesses of each dataset. Therefore, the objective of this study is to demonstrate
the similarities and differences of snow cover observations made using remote sensing
datasets and snow models, and how these differences can affect the extraction of derived
parameters linked to the dynamical processes such as snow melt and disappearance. We
examine snow cover fraction derived using the AVHRR dataset at 4 km resolution and
Sentinel-2 observations produced at 20 m resolution and how they compare with the
recently published MODIS SCF dataset for Svalbard at 500 m resolution [4]. In addition,
two independent snow models developed by the University of Uppsala (Energy balance—
snow and firn model; EBFM) and the Norwegian Water Resources and Energy Directorate
(seNorge) that provide estimates of SWE and fractional snow-covered area, are used to
derive snow cover extent maps. These are compared with the snow cover extent derived
from binarization of the MODIS SCF maps to examine the temporal and spatial differences
in snow cover. The area of study for this work is defined by the overlapping area common
to all datasets available. For this work, we have therefore carried out the data analysis for
the Nordenskiold Land region in the central part of Svalbard.

An overview of the study area will be presented in Section 2 together with a description
of the remote sensing and snow model datasets and an outline of the data processing and
analysis methods used to perform the comparisons between the datasets. The results of the
comparisons as well as a quantitative evaluation of the consistency between the datasets
are presented in Section 3. In Section 4, a discussion of the main results is made in the
context of current knowledge and earlier studies of relevance. A summary of the primary
findings of this study, as well as suggestions for further work is given in the conclusion,
in Section 5.
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2. Materials and Methods
2.1. Study Area

The Svalbard archipelago is a group consisting of nine islands, located approximately
halfway between the northernmost point of the Norwegian mainland and the North
Pole. The archipelago covers a total area of 61,000 km? of which 60% is glaciated and the
remaining area is covered by barren rock and vegetation. The archipelago is spread over
latitudes in the range 74-81°N and longitudes ranging from 10-35°E. Both midnight sun
and polar night are therefore present for a large proportion of the year. Nordenskiold Land
is situated approximately in the center of the archipelago in terms of latitude and it is in this
region the administrative center Longyearbyen is located. The climate of this area is affected
by the West Spitsbergen Current, which brings warm salty water from the Atlantic Ocean
northwards, producing a milder climate than experienced at similar latitudes elsewhere.
Meteorological data recorded at Svalbard Airport, close to Longyearbyen, show that the
mean annual temperature in the period of study (2000-2019) ranges from —6.1 °C (2003) to
0 °C (2016), while annual precipitation ranges from a minimum of 142.1 mm (2005) up to
310 mm (2016).

Figure 1 illustrates the area of study chosen for this work. This study area corresponds
to about one and a half Sentinel-2 tiles for which NDSI data have been processed and is
also the area that overlaps with all datasets that have been compared.

I High-low NDVI |
B Topographic shladow
~1Snow / glacier

Figure 1. Study area of central Svalbard. Sentinel-2 based map from 1 August (mean 2016-2019) with
colors extracted from NDSI and NDVI (Normalized Difference Vegetation Index) values.
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2.2. MODIS

The MODIS instrument on board the Terra and Aqua satellites provides multispectral
imagery at visible-shortwave infrared (VSWIR) wavelengths, with a daily revisit period
and spatial resolution of approximately 500 m for all VSWIR bands. This study uses the
NASA MODIS/Terra Snow Cover Daily L3 Global 500 m Grid, Version 6 (MOD10A1)
dataset to derive NDSI as a daily product [16], which is calculated using the spectral band
4 (visible light) and band 6 (short wave infrared) through the relation,

NDSI = ((band4 — band6)/(band4 + bandé6)) 1)

Snow cover fraction, expressed as a percentage, is then estimated using a universal
approach [15] defined by the regression formula,

SCF = (0.06 + 1.21 NDSI) x 100 @)

During the polar night when there is no optical data coverage, SCF is set to 100 %.
As such, the MODIS SCF estimates are produced only for the period 1 March-1 November
for the entire periglacial landscape in Svalbard as a temporally interpolated product at daily
intervals and 500 m resolution. In addition, cloud cover can often contaminate MODIS data,
which is detected and masked out. There are a number of reconstruction approaches that
have been developed to produce daily cloud-free MODIS snow products [19,20]. However,
in this study we have implemented a temporal interpolation technique to obtain cloud-free
maps for the Svalbard archipelago, which has been outlined in earlier work [4]. The reader
is referred to this work for a more detailed description of the method. Since MODIS has
moderate spatial resolution and excellent temporal overlap with both older and newer
available satellite and modelled data products being used in this study, the MODIS dataset
is used throughout this study as the baseline for comparisons.

2.3. AVHRR

The AVHRR Global Area Coverage (GAC) data are used to produce a fundamental
climate data record (FCDR) for radiances and brightness temperatures. This dataset has
been made available by the EUMETSAT Climate Monitoring Satellite Application Facility
(CM SAF). The current release, CLARA-A2, covers 1982-2015 [21]. A time series of daily
snow cover maps covering the Svalbard archipelago at 4 km grid spacing was derived
from the CLARA-A2 FCDR using the probabilistic snow cover algorithm provided by MET
Norway. This snow cover algorithm uses a set of instrument channel combinations and
statistical coefficients, the latter of which are derived from prior knowledge of the typical
behavior of the surface classes across the spectrum. Cloud-free pixels from the AVHRR
GAC swath products are averaged and gridded to produce daily maps of average snow
probability, to which a threshold of 50% is applied to derive a binary snow cover extent
product. Data are provided only for the period between March 1 and September 30 each
year due to no data availability during the polar night. This results in one less month
with data to compare with MODIS for the overlapping period. In addition, temporal gap
filling was applied to achieve daily cloud-free mosaics using information from cloud-free
pixels up to 9 days forward or backward in time. The product also indicates the age of
the reference image used to make the cloud cover corrections and is the product used for
comparisons with MODIS data. Furthermore, a vegetation map for Svalbard produced
using Landsat data [22] is used to mask out glaciers and water bodies in the AVHRR
dataset, as was done to produce the MODIS SCF dataset.

2.4. Sentinel-2 (S2)

In this study we use all the available Sentinel-2 data for the period 15th April to 15th
September, each year from 2016 to 2019. From 1 July 2017 data from Sentinel-2B is acquired
in addition to Sentinel-2A. From this point onwards, data are available from both twin
satellites on most of the days for the study area. Due to the low solar elevation angle, both
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early and late in the snow season (solar zenith angles higher than 70°) the Sentinel-2 Level
2A (bottom-of-atmosphere) data are not reliable, and we only used scene classification
data from Level 2A as reference data and rely on Level 1C data (top-of-atmosphere) in the
snow mapping.

For cloud detection we examined the cloud probability in Level 2A (Sen2Cor processor)
and “s2cloudless” machine-learning based algorithm [23]. In addition, we developed
our own cloud detection algorithms from multi-spectral values and multi-temporal tests.
However, none of the methods work well for sparsely vegetated areas (bright surfaces),
which is very common in the study area. For thin semi-transparent clouds, and for cloud
shadows the algorithms did not show sufficient accuracies. To detect clouds, we performed
a visual inspection in the visual and SWIR bands, and masked out cloud free areas, only
using the cloud masks as a reference. One exception was the cirrus clouds, which could
be accurately detected with band 10. However, cirrus clouds only appear in a few of
the images. This time-consuming method for cloud detection based on visual inspection,
ensures fewer errors, but not all cloud free data are included. Some of the images had many
small cumulus clouds which were too time-consuming to mask out and so were not used.

NDSI values were calculated (Equation (1)) for the cloud-free pixels and interpolated
to produce daily NDSI maps at 20 m resolution. This was achieved by performing linear
interpolation and smoothing with a Savitzky-Golay filter. In this study we have primarily
focused on retrieving estimates of the land-averaged snow cover fraction by applying a
fixed threshold of 0.4 [16,24] to the Sentinel-2 NDSI which produces a binary (snow/no
snow) snow cover extent map. We have chosen to utilize a thresholding method since
regression coefficients have not been thoroughly tested and validated on Sentinel-2 data
yet, as has previously been done for the MODIS datasets.

2.5. SeNorge

The seNorge snow model [25] requires 3-hourly or daily mean air temperature and
a sum of precipitation as input forcing. Solid precipitation is defined as precipitation
occurring at an air temperature <0.5 °C. Snow and ice melt are calculated using the
extended degree-day model including air temperature and solar radiation terms. The two
parameters of the melt algorithm have subsequently been estimated based on 3356 quality
controlled daily melt rates observed by the Norwegian snow pillow network [26]. The
sub- grid snow distribution algorithm in the model [25] assumes a uniform probability
distribution of snow amounts within the grid cells. In addition, an even layer of new
snow can form on top of the uniformly distributed “old” snowpack and snow-covered
fraction is then set to 1. The main effect of the sub-grid snow distribution is to reduce
the grid cell average melting rates towards the late melt season rates when significant
areas of bare ground are present in the grid. The 3-hourly input data are aggregated
from the hourly meteorological forcing data obtained and downscaled from the AROME
Arctic numerical weather prediction model (NWP). Input precipitation in the current
model application is scaled by a factor 0.75, based on initial evaluation of the first model
results. Model parameter values are set to the same values as those in the application for
mainland Norway, except the spatial snow distribution parameter CF is increased from
the default value of 0.5 to 0.85, giving larger variance for sub-grid snow distribution. The
model application for Svalbard starts at bare ground initial conditions in September 2012.
Following this, snow/firn older than 1 year is removed from the model’s snow store on
September 1 each year. The two first snow seasons may therefore be considered as a model
spin-up period at higher elevation areas with perennial snow. SCF estimates for this study
are provided at 3-h intervals daily for the years 2013-2019. This study has utilized the
seNorge SCF product corresponding to 1200 UTC.

2.6. EBFM

The coupled energy balance—snow and firn model (EBFM) [27] has been used to study
the long-term climatic mass balance of glaciers [28], as well as seasonal snow conditions
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and runoff on glaciers and land since 1957. EBEM solves the surface energy balance to
calculate surface melt and temperature, which provides upper boundary conditions for
a subsurface model, simulating the multi-layer evolution of snow density, temperature
and water content [27]. In Van Pelt et al. (2019) [28], the model was forced by downscaled
meteorological fields of precipitation, air temperature, relative humidity, wind speed
and air pressure from the High-Resolution Limited Area Model (HIRLAM) [29]. For
calibration and validation of the model and meteorological downscaling, in situ on-glacier
measurements of weather conditions, stake mass balance and subsurface density were
utilized; no calibration or validation was performed for snow conditions in non-glacier
terrain, potentially deteriorating performance in these areas. For more details about the
methods and dataset, the reader may refer to [28] and references therein. From this large
dataset, SWE is extracted across Svalbard at 1 x 1 km spatial resolution and daily temporal
resolution for 2000-2019. The dataset overlaps for a longer part of the MODIS period,
as well as with the seNorge snow model dataset.

2.7. Processing of the Datasets

For all datasets being compared only the period for which MODIS data are both
available and overlap with the other datasets are used. That is to say, the period where
SCF is assumed to be 100% (November-February) is excluded from the study. Table 1
summarizes the spatial resolution, period of data availability and actual time period that
has been compared with MODIS.

Table 1. Summary of the datasets used in the study, together with the spatial resolution, time period
used and type of snow cover product provided.

Dataset Data Cover Years Resolution Snow Product
MODIS 1 March-31 2000-2019 500 m Snow cover
October fraction
AVHRR 1 March-30 2000-2015 4km Snow cover
September extent
. Normalized
Sentinel-2 15 April-15 2016-2019 20m Difference Snow
September
Index
seNorge 1January-31 2013-2019 1km Snow cover
December fraction
EBFM 1January-31 2000-2019 1km Snow water
December equivalent

In Figure 2, a simple flowchart illustrates the workflow and extraction of the pa-
rameters of interest for the area studied. For all datasets being compared with MODIS,
a resampling was performed in order to reproduce the datasets with a common grid and
identical coverage area. The land-averaged snow cover fraction (SCF) was calculated for
the study area using either the binary or fractional snow cover products. For all snow
products, glaciers and water bodies were excluded from the spatial averaging. SCF was
computed for only the periods with overlapping data coverage.

As described in Section 2.4, a fixed threshold of 0.4 was applied to the Sentinel-2 NDSI
maps to extract binary snow cover extent maps. For the EBEM SWE datasets, an optimum
threshold was determined using the MODIS SCF as a reference dataset. Ten different
thresholds on SWE ranging from 0.001 to 0.01 m were used to first obtain a binary snow
cover maps and subsequently to calculate the corresponding land-averaged snow cover
fraction time series for each threshold. The squared difference of the EBFM and MODIS-
derived SCF time series was calculated and summed over the full year, for each year in
the dataset. The threshold producing land-averaged SCF time series that gave the smallest
squared-sum was identified as the best threshold for that year. Since the optimum threshold
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varied from year to year, the median value of 0.003 m for all 20 years was taken as a fixed
threshold to be applied to the SWE data.

Sentinel-2
AVHRR
seNorge
EBFM
|
Resampling to study area p—— acting.
UTMZ33 projection

| Regridded dataset |
I

Thresholding
}

| Snow cover map |

Sentinel-2, EBFM

Land-averaged
SCF time series

First snow-free
day (FSFD)

General relation Correct SCF time
with MODIS series

Figure 2. Flow diagram illustrating the data processing and parameters extracted from the datasets.

For all datasets, a general relationship was obtained with the MODIS time series by
making a cubic spline fit to each pair of datasets (MODIS-AVHRR, MODIS-S52, MODIS-
seNorge, MODIS-EBFM). These relationships were further utilized to demonstrate how
simple corrections to the datasets can be used to obtain better consistency with the baseline
MODIS dataset. This procedure is described in greater detail in Section 3. Lastly, an estimate
of the first snow-free day was made using the uncorrected and corrected land-averaged
SCF time series in order to study the effect of the corrections on the timing of snow
disappearance deduced from the datasets.

3. Results

In this section, we present the results of the data processing and analysis outlined in
Section 2. This section is divided into five subsections, which describe the different aspects
of the data comparisons made. In Section 3.1, a description of the general relationship
between the datasets is made, while in Section 3.2, we present a more specific comparisons
of the geographical and altitudinal differences between the datasets. Section 3.3 is dedicated
to the results of the normalization, or correction of the snow cover time series using the
results of Section 3.1, and in Section 3.4, we quantify the effect of the corrections on derived
estimates of first snow-free day, compared with the original time series. A quantitative
evaluation of the differences between the datasets, before and after corrections is made
in Section 3.5.

3.1. General Relationship between the Datasets

In this section, a comparison of the snow cover fraction time series is made for each
dataset, with respect to the MODIS SCF time series. These comparisons are made using the
SCF which is obtained by averaging the snow cover products over the study area. Figure 3
shows the time series of the land-averaged snow cover fraction for all datasets used in this
study. There is some overlap between datasets: for example, between MODIS, AVHRR and
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the EBFM dataset, from 2000-2019, and from 2013-2015, there is overlap between MODIS,
AVHRR, EBFM and the seNorge datasets. In the final four years of the period (2016-2019),
there is overlap between MODIS, seNorge, EBFM and Sentinel-2. There is good agreement
in the SCF minimum values for MODIS, AVHRR and EBFM for the first five years of the
period, though with AVHRR exhibiting greater and more frequent fluctuations in SCF
during the summer minimum compared with MODIS and EBFM. From 2006 onwards
the fluctuations in SCF derived from AVHRR during the minimum period become more
pronounced; moreover, the SCF values during this period also tend to be some tens of
percent greater compared with MODIS. It may also be noticed that in spring the MODIS
SCF begins to fall slightly earlier compared with AVHRR and EBFM, while the increase
in SCF at the end of the summer is somewhat misleading due to the different periods of
coverage of the dataset, with the two remote sensing datasets ending at either September
30 (AVHRR) or October 31 (MODIS). The alternative snow model dataset, seNorge provides
SCF from 2013 until 2019 inclusive. Here it can be seen that like AVHRR, there are large
fluctuations in the land-averaged SCF during the period where SCF is at a minimum. These
fluctuations can also be several tens of percent in magnitude. The curves in 2014 and 2015
display these large variations in the seNorge SCF quite clearly. Moreover, the lowest SCF
reached in the seNorge dataset is some 20% lower than those exhibited by the MODIS
and Sentinel-2 datasets. In general, the Sentinel-2 snow cover fraction follows closely the
temporal variations of the MODIS estimates, though in 2016 and 2018 the Sentinel-2 SCF
appears to fall marginally earlier than MODIS in the spring.
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Figure 3. Time series comparing the land-averaged SCF derived using the MODIS dataset (green, 2000-2019), AVHRR (blue,
2000-2015), EBFM (dark red, 2000-2019), seNorge (purple, 2013-2019) and Sentinel-2 (orange, 2016-2019).

Figure 4 is a representation of the data shown in Figure 3, as a scatter plot. Here the
SCF values from each dataset were plotted against the MODIS SCF, with the time series
separated into two periods corresponding to data from 1 March-31 August (blue) and
from 1 September—31 October (coral), or until the end of the dataset being compared. This
was done to separate snow cover estimates made during the spring melt period and those
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from autumn snow onset. In all but the case of the Sentinel-2 dataset, the lower resolution
data from AVHRR and the snow models were plotted on the x-axis, with MODIS along
the y-axis. Since the Sentinel-2 data are at higher resolution than the MODIS dataset, these
were plotted along the y-axis to derive the relation that transforms the lower resolution
dataset to the SCF estimates of the higher resolution sensor. Since this study endeavors
to examine the differences in timing of snow disappearance between the datasets, the
most critical period for dataset correction is the snow melt period. As such, the function
used to transform the datasets is obtained by fitting a cubic spline function to the pairs
of data obtained only in the period from 1 March-31 August (blue datapoints) to derive
the general relationship with the MODIS values; this is displayed by the light blue curves.
The number of scatter points in each plot reflects the size of the dataset, with the AVHRR
and EBFM datasets being the largest with respectively 16 and 20 full years of data that
overlap with MODIS. Of all four datasets being compared against MODIS, there is poorest
agreement with the AVHRR dataset, in terms of magnitude. This is especially true when
the land-averaged MODIS SCF lies the range 30-60%, with the corresponding AVHRR SCF
being on average 20% greater than MODIS. On the other hand, the land-averaged SCF
obtained from Sentinel-2 generally agrees well with MODIS at low (<25%) and high (>90%)
snow cover fractions. At all other snow cover fractions, the Sentinel-2 snow cover fraction
is in general lower than MODIS and can reach up to nearly 10% lower than MODIS. For
the seNorge dataset there is generally a good but non-linear correlation with the MODIS
values, when considering only the SCF data from between 1 March-31 August. There is
clearly a large spread in values for SCF obtained in the period 1 September-31October, but
for the melt period of interest the land-averaged SCF derived from seNorge is of the order
5-10% greater than MODIS when MODIS SCF is >30%. For the EBFM dataset, shown in
Figure 4d the relationship between the MODIS SCF and the model-derived SCF is similar to
that of seNorge snow model, but the EBEM estimates can be on average up to 15% greater
than MODIS for the period between 1 March-31 August, as indicated by the largest offset
between the fitted spline (light blue curve) and the equality line (dark blue, dashed) while
EBFM estimates of SCF obtained from after September 1 which corresponds to the start of
the hydrological year, are consistently lower than MODIS.

3.2. Geographical and Elevation Differences

The difference in annual number of days with snow cover derived from each of the
data products and that obtained from MODIS was mapped. To make this geographical
comparison, a binary snow map was first obtained. For the fractional snow cover products
SCF was thresholded at 50%, where SCF below the threshold is defined as “no snow” and
SCF greater than the threshold, “snow”. Hence, for each pixel in the grid, the number of
days the pixel was classified as snow covered/not-snow covered during each year of data
coverage using the datasets was calculated. The difference in number of days with snow
cover between AVHRR /Sentinel-2 and MODIS, and the two snow model datasets and
MODIS was then calculated. For the remote sensing datasets, the difference in number of
days with snow applies only to the part of the year outside of the polar night period. For the
AVHRR dataset, this is the difference in number of days with snow between 1 March and
30 September, while for Sentinel 2 it is restricted to only the period 15 April-15 September.
Since the two snow models produce SWE and SCF for the entire year, the full period of
MODIS coverage from 1 March-31 October is used in the comparisons.

In Figure 5, the mean difference in number of days with snow derived for each of the
datasets is shown. The mean difference was calculated per pixel by averaging the difference
in number of days with snow over all the years in each dataset. Since the difference is
calculated by subtracting the MODIS number of days with snow from the AVHRR number
of days with snow, positive numbers indicate a greater number of days with snow per
year on average with respect to MODIS and negative numbers indicate fewer days with
snow per year on average, compared with MODIS. In the case of the AVHRR dataset,
it has already been shown in Figure 4a that snow cover fraction is on average for the study
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area, always greater than that estimated using the MODIS instrument, for the period of
data cover 2000-2015. Figure 5a illustrates this pattern geographically, where there are
large areas of blue (positive difference in number of days with snow) that correspond to
low-lying valleys. Areas with light yellow tone indicate where the number of days with
snow each year estimated by AVHRR and MODIS are roughly the same (zero difference).
Since the AVHRR data were georeferenced to the MODIS grid, the downscaling from
4 km to 500 m pixel spacing is also clear from the square-like edges of blue areas. Areas
where the difference in number of days with snow cover estimated by AVHRR was less
than MODIS, indicated by the dark red areas, can also very likely be attributed to the
resolution differences.
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Figure 4. Scatter plots illustrating the relationship between the land-averaged SCF derived from MODIS and (a) AVHRR
(2000-2015) (b) Sentinel-2 (2016-2019) (c) seNorge snow model (2013-2019) (d) University of Uppsala EBFM (2000-2019).
In each case the datasets have been georeferenced to the MODIS 500 m grid and all days with overlapping data coverage
have been used to produce the scatter plots. The time series of SCF for each dataset were split into two time periods, with
blue datapoints corresponding to 1st March-31st August and coral-colored datapoints corresponding to data produced for
the period 1st September-31st October.

For Sentinel-2 data on the other hand, which have much higher spatial resolution
than MODIS, the difference in mean number of days with snow for the period 2016-2019,
shown in Figure 5b is close to zero or below zero across the area of study, as exhibited by
the prevalence of yellow and orange. This implies that MODIS always estimates a greater
number of days with snow per year than Sentinel-2, with greatest differences on mountain
slopes. Figure 5b would suggest that MODIS estimates greater than 60 days more with
snow in these areas, compared to Sentinel-2.
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Figure 5. The geographical differences in the average number of days with snow per year, comparing the average number of
days of snow per pixel derived using the MODIS dataset and (a) AVHRR (2000-2015) (b) Sentinel-2 (2016-2019) (c) seNorge
snow model (2013-2019) and (d) University of Uppsala EBEM (2000-2019). The average number of days with snow is
calculated using different number of years due to the time period of data coverage/availability as stated in the parentheses.

The comparison of mean days with snow cover between MODIS and the two models,
seNorge and EBFM is shown in Figure 5¢,d respectively. The geographical distribution and
magnitude of the differences are quite different; for the seNorge snow cover area dataset,
the snow model estimates on average fewer days with snow cover per year in the low-lying
valleys and around all coastal areas, when compared with MODIS. On the other hand, blue
areas corresponding to the highest elevation mountain zones indicate that the seNorge
estimates on average a greater number of days with snow in these areas compared to the
MODIS dataset. For the EBFM dataset shown in Figure 5d, there is also a tendency toward
moderate to large underestimation in mean number of days with snow cover per year for
the valley areas when compared with MODIS, as shown by the light yellow, orange and
red regions. However, different to the seNorge dataset, EBEM tends to produce larger
underestimation in number of days with snow in the inland parts of the valleys, whereas
the largest underestimations for the valley areas in the seNorge dataset tends to be situated
closer to the coastal areas. In addition, the EBFM dataset also transitions to greater number
of days with snow cover compared to MODIS in the mountainous regions in the northern
and eastern part of the study area but begins at much lower elevations than for the seNorge
dataset. This is especially noticeable for the mountain slopes that are also located along
coastal areas.

These elevation-dependent differences in the mean number of days with snow per
year, between the different remote sensing and snow model datasets, and MODIS, is
illustrated in Figure 6. This figure was produced by averaging the mean differences in
number of days with snow (Figure 5) over all elevation zones at intervals of 200 m between
0 and 1200 m.a.s.l. using a high resolution (20 m) Digital Elevation Model (DEM). Here, the
x-axis of Figure 6 represents the middle point of each elevation interval. Figure 6 therefore
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demonstrates that the degree of overestimation in mean number of days with snow by
AVHRR in the low altitude areas (0-200 m.a.s.l.) is in fact only of the order of 10 days
on average for the whole area of interest. The magnitude of underestimation in mean
number of days with snow estimated by AVHRR with respect to MODIS increases with
elevation, with the data suggesting underestimations of approximately 40 days or more for
all altitudes intervals above 600 m.a.s.l. As shown in Figure 5b, Sentinel-2 data exhibit of
the order 10-15 fewer days with snow on average compared to MODIS at all elevations,
though at the lowest altitudes the difference is only 5 days.

Mean difference in days with snow

Difference (days)
1
N
(=]

—-401 —=— AVHRR
#— Sentinel-2

507 g seNorge
g0 —=— EBFM
200 400 600 800 1000

Altitude (m.a.s.l)

Figure 6. The altitude distribution of the average difference in number of days with snow for the
four datasets being compared with MODIS. This figure is the equivalent altitude distribution of the
data shown in Figure 5a—d.

Common to both snow models, there is a relatively large underestimation in mean
number of days with snow at elevations between 0-200 m.a.s.l. when compared with the
MODIS dataset. The mean number of days with snow is on average of the order of 25 days
less than MODIS in this elevation zone for the EBFM and seNorge datasets. However, the
elevation distributions are noticeably different for the two snow models at elevations above
400 m.a.s.l. While the seNorge dataset exhibits a negative difference in mean number of
days with snow compared with MODIS on average (15-20 days) for the whole region at
all elevations >200 m.a.s.l.,, EBFM estimates on average 10-20 days greater snow cover
per year compared with MODIS when averaged over all the elevation intervals above
400 m.a.s.l., with largest differences present at elevations between 600-1000 m.a.s.l. This
pattern was also described earlier for the geographical distribution of the differences shown
in Figure 5d.

3.3. Correction of the Datasets

The Sentinel-2 dataset, with the highest spatial resolution of all the datasets but
relatively small temporal period of coverage, was used to adjust the lower-resolution
MODIS SCF time series by applying the obtained spline fit (Figure 4b) to the MODIS time
series. With the adjusted MODIS time series, spline fits to the three remaining datasets
were subsequently updated and applied to the respective time series to obtain a final
corrected SCF for the three remaining lower resolution datasets (AVHRR, seNorge and
EBEM). The objective of this procedure was to normalize the snow cover observations from
each dataset to a baseline in order to achieve better consistency between the products. The
final corrected SCF time series and the corresponding spline fits associated with these are
presented in Figure 7a-d. While there remains a degree of spread in the land-averaged
SCEF values, the corrected time series are on average much closer to the MODIS values, as
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exhibited by the final spline fits which lie close to the equality line (dark blue, dashed). In
particular, the relationship between the corrected datapoints and the MODIS datasets for
the melt period between 1 March-31 August is more linear compared with their original
time series. This is true for all datasets.
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Figure 7. Scatter plots showing the relationship between the corrected MODIS dataset and the adjusted lower resolution
datasets. The initial correction of the MODIS dataset was performed using the spline fit shown in Figure 4b. The corrected
MODIS dataset was then used to obtain updated spline fits with the AVHRR, seNorge and EBFM datasets (not shown)
which were subsequently applied to produce the final adjusted datasets shown in (a,c,d).

3.4. Estimation of First Snow-Free Day (FSFD)

The SCF time series produced using the different datasets were used to extract es-
timates of the first snow-free day, which is taken to be the point at which the SCF first
falls below 50%. FSFD was estimated using the uncorrected and corrected land-averaged
SCF time series for each dataset and compared with the FSFD values produced using
the corresponding MODIS time series. These are shown in Figure 8a,b. Qualitatively
speaking, the FSFD estimates made using the uncorrected datasets lie much further from
the MODIS estimates (Figure 8a) compared with those made using the corrected SCF time
series, as shown in Figure 8b. Significant improvements in the estimates of FSFD occur
following correction of the SCF time series, which before the dataset was corrected, were
up to 15 days greater than the corresponding MODIS FSFD estimates. Following correction
of all datasets, FSFD estimates obtained from AVHRR, seNorge and EBFM all lie close
to the MODIS FSFD estimates, with the corrected FSFD occurring within approximately
5 days later or earlier than MODIS. This is as expected since the spline fit made to the
corrected datasets, shown in Figure 6, all closely follow the line which indicates where the
two datasets would be equal.
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Figure 8. (a) First snow-free day estimates shown for the three uncorrected lower resolution AVHRR, seNorge and EBEM
datasets, plotted against the uncorrected MODIS land-averaged FSFD estimates. A dark blue dashed line indicates where
the FSFD estimates would be equal and (b) FSFD estimates obtained from the corrected MODIS, AVHRR, seNorge and

EBFM datasets.

In the case of the AVHRR dataset, the entire 34-year time series of snow cover extent
maps for 1982-2015 are used to first extract the land-averaged SCF which is then corrected
using the updated spline fits. By estimating FSFD for the entire 34—year period, decadal
trends in FSFD have also been calculated using both the original uncorrected AVHRR SCF
time series. This has allowed us to examine differences in FSFD trends when the data had
not been upscaled using the fitted spline function. For the two corrected SCF time series
corresponding to the snow models, only estimates of FSFD were made and compared with
MODIS, since the temporal period of coverage of each dataset was not long enough to
obtain meaningful estimates of decadal trends.

For the FSFD estimates extracted using the original AVHRR time series from 1982-2015,
shown in Figure 9, FSFD occurs later compared with those extracted from the corrected time
series. The offset between the two linear trend lines is approximately 15 days, indicating
that using the original AVHRR SCF time series results in FSFD estimates that are later by
on average 2 weeks when compared with the FSFD estimates extracted from the corrected
time series. Moreover, the slope of the linear trend line is also smaller, with a decadal trend
in FSFD of —3.36 days/decade (p = 0.08) for the uncorrected time series, while the decadal
trend in FSFD estimated with the corrected AVHRR SCF time series is —2.81 days/decade
(p = 0.01). Hence, not only does the decadal trend in FSFD derived from the corrected
time series become significant at the 95% confidence level, but the advance in FSFD is
>0.5 days/decade slower than that suggested by the original AVHRR dataset.

3.5. Evaluation Metrics

To evaluate the effect of the corrections on each dataset, four metrics were selected for
evaluation using both the uncorrected and corrected datasets, following the approach of
recent similar studies that compare snow cover retrievals from lower and higher resolution
datasets [17,30,31]. We have first calculated the mean error, which indicates the bias of the
dataset being evaluated. This was done firstly using Sentinel-2 as a baseline for the MODIS
snow cover dataset and subsequently for the AVHRR, seNorge and EBFM datasets with
MODIS as the baseline dataset. We have therefore implicitly assumed that Sentinel-2 is
more accurate than MODIS and that MODIS is more accurate than AVHRR and the two
snow models for the purpose of this evaluation. The root mean-squared error (RMSE)
was also calculated, as well as the Spearman rank correlation coefficient. The Spearman
rank correlation coefficient was chosen over the Pearson correlation coefficient since it is
known to be more appropriate for non-linear relationships between datasets. For both
the uncorrected and corrected datasets, each of the four metrics was calculated for two
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cases: firstly, using the period from 1 March-31 August and second, the period from
1 September-31 October as a basis for the calculations.
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Figure 9. Estimates of FSFD obtained using the original (blue diamonds) 34-year AVHRR time series
of the land-averaged SCF for Nordenskicld Land, from 1982-2015 and the adjusted (orange circles)
AVHRR SCF time series. Linear fits were made to each time series, shown by the dark blue solid line
for the original AVHRR datasets and the dashed line for FSFD obtained using the adjusted dataset.
Decadal trends derived from the linear fits are indicated in the legend.

Table 2 summarizes the RMSE, mean error (bias) and Spearman correlation coefficient
for the AVHRR, seNorge and EBFM datasets for the main period of interest (1 March
-31 August) as well as the autumn data acquired after 1 September, which are stated in
italic. The upper section presents the metrics calculated using the uncorrected SCF time
series, while the lower section of Table 2 displays the same metrics calculated following
correction of the datasets. Sentinel-2 was used as a baseline for obtaining the spline model
with which corrections to the MODIS time series was made and we show only the metrics
that were calculated for the datasets sharing the same (MODIS) baseline.

Table 2. Evaluation metrics for the uncorrected and corrected (land-averaged) SCF time series in the
period 1 March-31 August. Values in parentheses correspond to the metrics calculated only for data
acquired in the period 1 September—31 October (or 30 September for AVHRR).

Metric (uncorrected) AVHRR seNorge EBFM
RMSE (%) 11.22 (17.07)) 6.82 (23.84) 7.45 (13.86)
Mean error (%) 7.85 (13.56) 2.11 (-12.05) 3.65 (—3.66)
R 0.85 (0.89) 0.85 (0.76) 0.91 (0.94)
(corrected)
RMSE (%) 5.95 4.64 4.80
Mean error (%) 0.39 —0.19 0.0
R 0.87 0.90 091

Firstly, comparison of the metrics calculated for the spring (1 March-31 August) and
autumn (1 September-31 October) data reinforces the patterns described by the scatter
plots shown in Figure 3. For all three datasets, there is greater spread in the data acquired
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after 1 September, as indicated by the larger RMSE values; the mean error is also greater
and in the case of the snow models, of the opposite polarity compared with the spring
data. Comparison of the metrics calculated before and after corrections were made to the
time series shows an obvious improvement and reduction in the RMSE and mean error.
Greatest changes in RMSE occur in the correction of the AVHRR time series, resulting in
RMSE being nearly halved, from 11.22 to 5.95%. The mean error is also reduced from
7.85% to 0.39%, indicating that the positive bias, or overestimate becomes almost minimal
following correction of the dataset. This is indeed reflected by the scatter plot in Figure 6a.
The Spearman correlation coefficient was only marginally increased by correcting the
time series and this is not surprising since there was qualitatively a good and non-linear
correlation between AVHRR and MODIS before corrections were made. For the MODIS
dataset itself, the corrections made to the time series using the relationship with Sentinel-2
also resulted in a small reduction in RMSE (not shown), as well as removal of the positive
bias of 2.8% which was present in the uncorrected time series. The Spearman correlation
coefficient of 0.97 remained unchanged. For the two snow models, the corrections made
using the spline fits also resulted in a reduction in the RMSE by between 2-2.5% while the
slight positive biases in both uncorrected datasets were reduced to almost zero. For the
seNorge snow model, the Spearman correlation coefficient increased from 0.85 to 0.90 while
for the EBFM dataset there was no change.

4. Discussion

This study has utilized snow cover observations from three optical remote sensing
satellites and two snow models and made comparisons of the land-averaged snow cover
fraction and the derived FSFD over Nordenskitld Land in central Svalbard in the period
2000-2019. In this section we review and discuss the results presented in Section 3.

4.1. Comparison of the Datasets

A consistent pattern was identified, whereby lower resolution datasets are found to
overestimate SCF when compared with a higher spatial resolution dataset. SCF estimated
using the AVHRR dataset were found to be up to some 20% greater than the corresponding
MODIS estimates, especially for intermediate snow cover fractions in the range 50-60%.
Similar findings have earlier been reported using AVHRR observations over the Canadian
Arctic, where an evaluation of the NOAA AVHRR snow cover dataset was shown to con-
sistently overestimate snow cover extent during spring snowmelt period [32], ultimately
resulting in apparent delays of up to 4 weeks in estimates of melt onset. We also find that
SCF overestimations in the AVHRR dataset are predominantly found at lower elevation
areas, but with a tendency to underestimate the number of days with snow in higher eleva-
tion mountainous areas when compared with the MODIS dataset. Since the topography in
mountainous areas can change over spatial distances smaller than the 4 km resolution of
the AVHRR data, the observations would indicate that the AVHRR instrument is unable
to capture the spatial variations in snow cover occurring over distances smaller than the
AVHRR resolution in these areas of high relief, resulting in an overall underestimation
with respect to higher resolution datasets. However, since the land-averaged snow fraction
in the AVHRR is systemically greater than MODIS, the findings would suggest that the
underestimation in snow cover at higher elevations does not contribute greatly to the
overall differences between MODIS and AVHRR.

Similarly, it was also found that the MODIS SCF was on average 5-10% greater than
SCF estimates made by the Sentinel-2 sensor, dependent on the magnitude of the snow
cover fraction. It has recently been demonstrated that for high resolution sensors such as
Sentinel-2, both thresholding and regression-based algorithms can systematically overesti-
mate fractional snow cover when the data are aggregated to lower resolution grids [17],
such as that of the MODIS dataset which was done in this work. This suggests that the
Sentinel-2 estimates of the land-averaged SCF could in fact be lower than was illustrated,
had more superior retrieval methods such as spectral unmixing been implemented to
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estimate SCF. As a result, the difference between the Sentinel-2 and MODIS SCF estimates
would be greater than what has been shown in this study. An additional factor which has
not been accounted for in this work is the effect of terrain shadow on Sentinel-2 NDSI. In
autumn, the low sun elevation on Svalbard causes topographic shadow, which could be
misinterpreted as snow cover in the NDSI values, which would also cause the derived
Sentinel-2 snow fraction to be greater than if these effects were corrected for. A systematic
study of the impact of such shadow for all the remote sensing datasets is needed to quantify
this problem. Other recent studies that have investigated methods to retrieve fractional
snow cover from Sentinel-2 have modelled the NDSI-snow cover fraction relation as a non-
linear sigmoid-shaped function [31], which may present a better approach for calibrating
the MODIS data against Sentinel-2 in future. However, since this study was based on a
test site in alpine mountainous terrain, the calibration coefficient may not necessarily be
universal and may need to be revised for polar regions such as Svalbard and is the main
reason this approach was not adopted in this study.

For the comparison between MODIS and snow cover fraction derived from the two
snow model datasets that were produced at 1 km resolution, there was also an offset of
5-15% between the MODIS dataset and SCF provided by the seNorge snow cover product
or by thresholding the EBFM SWE dataset, with slightly closer agreement for the seNorge
dataset when only data from the spring melt period, between 1 March-31 August were
considered. In contrast to the AVHRR and Sentinel-2 comparisons, both snow models
exhibited distinct differences in the relationship with MODIS SCF when data from the
spring melt period and autumn snow onset (September 1 onwards) were compared. For
the seNorge model, there was a consistent underestimation of SCF compared with MODIS
for the post-September 1 data, while SCF estimated by the snow models during the spring
melt period from 1 March-31 August, were almost always greater than the corresponding
MODIS SCE. This pattern was not observed in the AVHRR and Sentinel-2 datasets, where
SCF estimated in the period after 1 September tended to follow the same relationship with
MODIS as those which had been obtained from the spring melt period. Furthermore, the
snow models tended to underestimate SCF for low SCF (<20%), which is true of the data
from both the spring melt period (1 March-31 August) as well as from after 1 September,
with the geographical variations showing that the underestimations were greatest in lower
elevation zones, as indicated in Figures 5 and 6. During the spring snowmelt period, this
may for example be attributed to snow accumulation in terrain formations such as couloirs
and lee slopes which melt later. These may also contribute to perennial /multi-year snow
patches that are present during the summer months and can be captured by MODIS but
not the snow models. On the other hand, since the calculation of the average number of
days with snow includes data from part of the autumn period, the underestimation of
snow is due to a combination of the models missing snow during spring melt as well as
underestimating new snow in the autumn, which may have other underlying reasons.

There were also elevation-dependent differences in snow cover obtained from the
two snow models. For SCF derived from the EBFM SWE dataset, there was on average
more days with snow compared with MODIS at altitudes above 400 m.a.s.1. In contrast, the
seNorge snow model exhibited consistently fewer days with snow on average compared
with MODIS, at all altitudes. However, there are differences between the two snow model
data products as well as the method by which they are derived. The EBFM dataset covers a
period of 20 years between 2000-2019, while the seNorge product only covers 7 full years
in the latter part of the same period, from 2013-2019. On the other hand, we have also
analyzed the EBFM data only for the 2013-2019 interval, but only minor differences were
found, and these are shown in Figure 10; there is still the same pattern of overestimation in
the land-averaged SCF compared with MODIS in the 1 March-31 August period and these
were predominantly found at higher elevations. The underestimation in average number
of days with snow was still confined to the lower elevation valley areas but were in fact
more pronounced than when averaged over the 20-year period. On the other hand, both
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the RMSE and mean error in the EBFM SCF estimates were reduced to 5.63% and 1.91%
respectively, which are slightly lower than for the 2000-2019 period, given in Table 2.
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Figure 10. (left) Scatter plot showing the relationship between MODIS and the EBFM land-averaged snow cover fraction
using data corresponding to the seNorge period (2013-2019) and (right) the average difference in number of days with
snow comparing EBFEM and MODIS for 2013-2019.

Moreover, the seNorge dataset is produced using the AROME NWP model forecast
data and model archives for the historical period as inputs, while for EBFM the input is
the HIRLAM reanalysis data. Thus, the snow models are not driven by the same inputs
and cannot be expected to produce outputs that behave identically. Since there was little
change between the geographical differences in average number of days with snow for the
EBFM dataset shown in Figures 5d and 10, the dissimilarities between the seNorge and
EBFM models are most likely attributed to differences in the way the models distribute
new or melting snow, as well as due to different meteorological input data. In addition, the
land-averaged SCF has been estimated from the EBFM SWE product by first converting the
SWE maps into a binary snow cover map using a fixed threshold of 0.003 m. The choice of
SWE threshold may therefore have contributed to the apparent greater number of days
with snow in higher elevation zones in the EBFM snow cover dataset for certain years
where the optimum threshold was found to be greater. However, we have chosen to use
a fixed value based on the threshold which was found to produce best agreement with
MODIS for the majority of the EBFM dataset, thereby maintaining a consistent method of
snow cover extent extraction from the SWE dataset.

4.2. Correction of the Datasets

Using the spline fit to the MODIS SCF time series and the higher resolution Sentinel-2
dataset, the MODIS dataset was adjusted and subsequently utilized to obtain updated
spline fits with the three remaining datasets. In doing so, a correction to the lower resolution
SCF time series from the AVHRR instrument and the two snow models was also made.
Evaluation metrics calculated for the MODIS time series in this study, using Sentinel-2
as a baseline before correction indicated a mean error, or bias of approximately 5.7%.
A similar study that used high-resolution (0.5 m) terrestrial photography as a reference for
the evaluation of Sentinel-2, Landsat 8 and MODIS datasets for a case study area in north-
western Svalbard [17], reported comparable values, with the MODIS MOD10A1-v6 dataset
exhibiting a mean error of 5% with respect to the high-resolution reference dataset. The
RMSE of 8.6% in the uncorrected dataset is somewhat smaller than the RMSE obtained in
their study, which was of the order of 14-15%, but here we have used Sentinel-2 data rather
than very high-resolution optical images as a reference. In several earlier studies, the RMSE

91



Remote Sens. 2021, 13, 2002

of the dataset being evaluated is often reduced when the reference data are aggregated to
coarser resolution [17,31] as was done with the Sentinel-2 data in this study. Moreover, at
the resolution of the MODIS data, the correction using the spline relationship resulted in
just 1% reduction in RMSE and no change in correlation, while the mean error was reduced
to 0%. Similarly, we found that largest decreases in the metrics being evaluated, occurred
in the mean error following correction of the AVHRR, seNorge and EBFM datasets, while
more modest reductions were observed in RMSE. The exception to this is for the AVHRR
dataset, where RMSE was almost halved as a result of the corrections. The Spearman
correlation coefficient remained virtually unchanged for AVHRR and EBFM while an
increase in correlation from 0.85 to 0.90 occurred from the correction to the seNorge dataset.
Hence it may be deduced that the main effect of the SCF time series using a spline model
fit, was to almost remove the bias in the datasets.

A pattern of earlier FSFD following correction of the AVHRR SCF time series was also
found. In this case FSFD obtained with the uncorrected AVHRR SCF time series was on
average 15 days later than FSFD estimated using the corrected AVHRR SCF time series. In
both cases, decadal trends revealed that FSFD became earlier over the 34-year period, but
the advance in FSFD estimated using the uncorrected SCF dataset, of —3.36 days/decade
(p > 0.05) was greater than the advance observed from the corrected dataset, which was
found to be —2.81 days/decade (p < 0.05), by 0.5 days per decade. Hence, the results
obtained in this study would imply that not only does the lower resolution AVHRR snow
cover data tend to overestimate snow cover with respect to higher resolution datasets, but
it also results in estimates of timing of snow disappearance that can be too late by up to
two weeks, as well as a small overestimation in the decadal advance in FSFD, or the rate
at which snow cover is declining. This result can have significant impacts, for example
in applications where remote sensing observations of snow cover are used as inputs to
calibrate climate and hydrological models. In such cases the accuracy of predictions for
both present and future climate changes will be dependent on the representation of snow
processes, and there is therefore a need to ensure that these parameters are reliable.

On the other hand, the calibration of the AVHRR data are based only on the 15 years
of overlap with MODIS and may not necessarily be valid for the earlier part of the AVHRR
dataset (1982-1999) which was not used in the comparisons. However, the decadal trends
in FSFD found in this work are comparable to those published in a recent where the same
34-year AVHRR snow cover dataset was used to identify the relationship between snow
cover variability and sea ice variability [33]. In this work, the authors found a decadal
trend of —2.6 days/decade change in melt onset, defined as the point where SCF crosses a
threshold of 95%, rather than examining the timing of snow disappearance which uses an
SCF threshold of 50% in this work. Nevertheless, it should be noted that the melt onset
trend found by their study was calculated using the snow fraction averaged over the entire
Svalbard archipelago, whereas this study focuses only on the Nordenskitld Land region.
Therefore, the similar trends found in both this study and that of [33] support each other,
despite the differences in study area as well as the snow melt parameter analyzed.

Both uncorrected snow model datasets produced FSFD estimates that were consis-
tently later than MODIS by up to 15 days, with largest differences exhibited by the EBFM
(SWE) dataset. The seNorge dataset resulted in FSFD estimates that were later than MODIS
by around 5 days, both before and after correction with the spline fit. Since it was earlier
also found that the seNorge dataset estimated on average fewer days with snow per year
compared with MODIS, the result that the seNorge FSFD estimates are consistently later
than MODIS would indicate that the discrepancy is most likely attributed to a much later
onset of snow in the autumn, producing fewer days with snow compared with MODIS.
This is to some extent verified in the comparison of the yearly SCF time series shown in
Figure 3, where it was observed that the seNorge SCF rises later in autumn in relation
to the other datasets, as well as exhibiting a lower minimum. Datapoints correspond-
ing to SCF estimates obtained after September 1 for the seNorge dataset also point to
much lower SCF than MODIS (Figure 4c) which further verifies this conclusion. Possible
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reasons for this difference may lie in the NWP input, if for example the model forecasts
have a warm bias or too dry conditions, leading to too little early autumn snowfall in the
1 September-31 October period. For the EBEM dataset, the uncorrected land-averaged SCF
time series also produced much later FSFD compared with MODIS, but geographically the
low elevation areas exhibited on average fewer days with snow than MODIS, while higher
elevation mountain slopes were found to have a greater number of days with snow on av-
erage compared with MODIS and would therefore be expected to contribute to later snow
disappearance. Therefore, the temporal variations in SCF produced by EBFM may be in
better agreement with MODIS at higher elevations, while being poorer at lower elevations.
Moreover, there exist differences between the snow models and remotely sensed SCF for
the period when snow cover is decreasing in the spring and when snow cover begins to
increase again after the summer minimum snow cover extent, which suggests the need
for a separate treatment in order to produce accurate corrections to the time series. The
results found in this study therefore show that there is potential to integrate remote sensing
observations into the calibration of snow models in order to improve the description of
snow cover produced by the models.

5. Conclusions

Accurate maps of snow cover and characterization of the dynamic processes are
critical in applications such as calibration of hydrological models and climate predictions,
and especially so in regions where seasonal snow cover is responding rapidly to ongoing
changes in climate. This study has investigated the similarities and differences between
snow cover observations over Nordenskiold Land in Svalbard, obtained by three optical
remote sensing datasets and two snow models. The purpose of this work was to attempt to
use high spatial resolution snow cover observations to make corrections to earlier, lower
spatial resolution snow cover products to reconstruct long term snow cover datasets at
both high spatial and temporal resolution. To achieve this, relationships between the
higher and lower resolution datasets were obtained for the land-averaged snow cover
fraction over the study area. Sentinel-2, with its high spatial resolution, was first utilised to
adjust the moderate resolution MODIS dataset, which had excellent temporal overlap with
the AVHRR dataset as well as the two snow models. This adjusted MODIS dataset was
subsequently used to correct the lower resolution datasets and estimates of the timing of
snow disappearance were made. For all the uncorrected datasets, estimates of FSFD were
found to be later than MODIS FSFD by 10-15 days. Following correction of these datasets
to the higher resolution of the MODIS dataset, FSFD estimates were significantly improved
and varied by up to £5 days from the MODIS estimates. Furthermore, the decadal advance
in FSFD estimated from the uncorrected 34-year AVHRR time series were found to be
0.5 days/decade greater than the decadal trend in FSFD following correction of the AVHRR
time series, indicating that interpretation of lower resolution datasets requires some care
when put in the context of climate-related change.

This work has demonstrated that there is potential to improve the consistency in
snow cover observations made using earlier generation remote sensing instruments which
have lower resolution than current day sensors that have comparatively high temporal
and spatial resolution. Specifically, we have presented a method to implement relatively
simple corrections to land-averaged snow cover fraction estimated by different remote
sensing datasets and snow models. This approach has been shown to produce significant
updates in estimates of snow disappearance timing and decadal trends in this parameter.
However, since this study has focused on improving the consistency between snow cover
observations at a land-averaged scale, further work is required to upscale lower resolution
snow cover datasets at the pixel level and reconcile the associated geographical and
elevation dependent differences in snow cover made by remote sensing and snow model
datasets, as was highlighted in this study. Ultimately, it would be desirable to reproduce
older snow cover maps at the high resolution of the newest sensors. This could for example
be achieved by establishing a statistical average of the snow cover distribution at high
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spatial resolution, given a land-averaged snow cover fraction obtained from a lower
resolution dataset.
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Abstract: Snow melt timing and the last day of snow cover have a significant impact on vegetation
phenology in the Svalbard archipelago. The aim of this study is to assess the seasonal variations of the
snow using a multi-sensor approach and to analyze the sensitivity of the Synthetic Aperture Radar
(SAR) backscatter to vegetation growth and soil moisture in an arctic environment. A combined
approach using time series data from active remote sensing sensors such as SAR and passive optical
sensors is a known technique in snow monitoring, while there is little knowledge of the radar C-
band’s response pattern to vegetation dynamics in the arctic. First, we created multi-sensor masks
using the HV backscatter coefficients from Sentinel-1 and the Normalized Difference Snow Index
(NDSI) time series from Sentinel-2, monitoring the snow dynamics in Adventdalen (Svalbard) for the
season from 2017 to 2018. Second, radar sensitivity analysis was performed using the HV polarized
channel responses to vegetation growth and soil moisture dynamics. (1) Our results showed that the
C-band radar data are capable of monitoring the seasonal variability in timing of snow melting in
Adventdalen, revealing an earlier start by approximately 20 days in 2018 compared to 2017. (2) From
the sensitivity analyses, the HV channel showed a major response to the vegetation component in
areas with drier graminoid dominated vegetation without water-saturated soil (R = 0.69). However,
the temperature was strongly correlated with the HV channel (R = 0.74) during the years with delayed
snow melting. Areas of frozen tundra with drier vegetation dominated by graminoids had delayed
soil thawing processes and therefore this may limit the ability of the radar to follow the vegetation
growth pattern and soil moisture.

Keywords: remote sensing; Sentinel-1 and Sentinel-2; time series analysis; snow melt; Svalbard;
tundra; plant phenology

1. Introduction

The timing of snow melt and the first day free of snow are considered indicators
of Arctic climate and ecosystem status in response to global warming [1]. Moreover,
the depth of snow and the period of snow melt contribute significantly to defining the
phenological phases of vegetation [2,3] and plant biomass [4]. Due to an increase in winter
precipitation [5], as well as in the frequency of extreme weather events in the Svalbard
archipelago [6,7], snow cover monitoring is highly important.
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Along with the ability to detect snow seasonality, there is a growing interest in studying
the relationship between the timing of snow melt and vegetation phenology (late snow,
onset of the growing season, and advanced snow melting). Malnes et al. (2016) [8] used
satellite remote sensing (MODIS) over northern Norway in order to detect the snow covered
season with significant accuracy due to start (r = 0.51, p > 0.05) and end (r = 0.79, p > 0.05)
of the snow covered season for most meteorological stations for the 2000-2010 period.
However, in some areas and some years, the snow covered season could not be detected
due to long overcast periods.

Since cloud cover often dominates the Arctic environment and especially in Svalbard, it
would be useful to monitor phenology with sensors that are unaffected by clouds. Satellite
remote sensing imagery can be used in the analysis and interpretation of the snow-pack
variations of Svalbard [9]. Multi-sensor analysis has proven to be effective to monitor
snow coverage and its relation to vegetation phenology [10,11]. In the optical domain,
the Normalized Difference Snow Index (NDSI) has been successfully used to detect snow
cover [12,13]. This index takes advantage of the high reflectance of snow in the visible
wavelengths and low reflectance in the short wave infrared wavelengths. While optical
sensors are based on surface reflectance, SAR sensors allow evaluating change that is
occurring within the surface. This is because the strong dielectric contrast between the solid
and liquid phases of the water generates changes in the backscatter coefficients. Indeed,
even a small amount of liquid water reduces the depth of penetration of the radar signal,
allowing identifying the start of the snow melting process [14].

The most common approach to snow mapping with Synthetic Aperture Radar (SAR)
is based on multi temporal comparison of images of the same area in snow-free/dry and
wet snow conditions [15-18]. Attenuation due to snow in the frequency range 1-12 GHz is
very low, and dry snow covers cannot be discerned from the bare ground. Conversely, there
is a signal attenuation in wet snow conditions, due to a change in the dielectric properties
of the surfaces [16,19,20].

Due to polar night, SAR data are essential in the arctic during the winter period.
However, because of the high cloud coverage that limits optical images, SAR data are also
important during the summer period. Once the snow has disappeared, the radar beam
can simultaneously penetrate both the vegetation and the soil to a depth that is difficult to
determine [21,22]. Innovative approaches are based on the use of SAR and optical sensors to
follow the phenological phases of vegetation [23]. These approaches may be useful in areas
where cloud cover is widespread during the growing season. Moreover, the sensitivity
of backscattering coefficients to the vegetation of high arctic not yet been investigated to
our knowledge.

The Copernicus program allowed free access to time series of different sensors, which
can be used in synergy. Sentinel-1A and 1B SAR sensors (centre frequency of 5.405 GHz)
provide medium and high-resolution time series of C-band data, while Sentinel-2A and 2B
optical sensors acquire 13 spectral bands in the optical domain [24,25]. The two sensors used
simultaneously can improve the characterization of the snow season and vegetation growth,
allowing us to derive multi-sensor products with a high temporal and spatial resolution.
The central aim of this study was to derive wet snow maps and snow maps from the
time series of S-1 and S-2, in order to assess the seasonal variations of the snow. Then,
a sensitivity analysis of the backscattering coefficient ¢ to vegetation and soil moisture was
made and related to snow dynamics. The final phase enabled an overall understanding of
the sensitivity of the SAR signal to vegetation in relation to snow dynamics. The novelty of
our study is to assess the impact of vegetation growth and soil moisture on the SAR signal
in the Arctic, taking into account the variability of the snow seasonality.

Compared to the studies presented above, our main objectives of the study are:

1. toapply a combination of radar and optical satellite data (Sentinel-1 and Sentinel-2) to
map the spatial and temporal pattern of wet and dry snow conditions, and its relation
to the vegetation growth season;
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2. to understand how polarized radar data (HV- horizontal transmit and vertical re-
ceived) can contribute to detect the pattern of arctic vegetation growth and soil
moisture.

2. Materials and Methods
2.1. Study Area

The study area is the Adventdalen valley and the surrounding plateaux, close to the
town of Longyearbyen (78°13'N 15°33'E), in the Svalbard archipelago (Figure 1).

15°37'0"E 16°37'30"E

78°21'0"N

Kiometers
240

78°10'30"N

Sentinel-1 HV 2018

Il Red:  2018-06-17
[ Green: 2018-08-16
Il Blue: 2018-03-01

— Boundary of Svalbard

Figure 1. Adventdalen valley and the study area as shown by the Sentinel-1 HV channel in a
RGB composition: 17 June 2018 Red band; 16 August 2018 Green band; 1 March 2018 Blue band.
The location of the study area on Svalbard (the white arrow points to the Adventdalen valley) and
the five selected ground stations are shown.

The study area lies approximately between latitudes 78°20" and 78°07’N, and lon-
gitudes 15°10" and 17°10’E. The periglacial landscape is characterized by vast plateaux
intersected by wide glacial valleys and alluvial plains. Precipitation is low and the mar-
itime environment strongly influences the snowpack characteristics [26]. Adventdalen
is characterized by a polar-tundra climate [27] and is located in the Middle-Arctic and
Northern-Arctic tundra zone. The Middle-Arctic zone is characterized by dwarf-shrub
heaths, where Cassiope tetragona often dominates, and in the study area small patches of
Betula nana are found, whereas in the Northern Arctic Tundra zone, the genus Luzula is char-
acteristic with Salix polaris, Saxifraga oppositifolia and Dryas octopetala [28,29] also common.
The meteorological station located in Adventdalen (Station number SN99870, Norwegian
Meteorological Institute) recorded an average air temperature in July of 6.8 °C and 7.2 °C
for the years 2017 and 2018, respectively. Within the projects SnoEco (NRC ref. 230970), Sen-
tinels Synergy Framework (EC FP7 collaborative project), and SIOS (www.svalbard-sios.org,
accessed on 18 September 2019), ten ground stations were set up in Adventdalen. Each
station [30] was equipped with data loggers, environmental sensors for soil temperature
and moisture at 10 cm depth and time-lapse ordinary RGB cameras and NDVI sensors
positioned at 2 m above the ground. Since the location of some stations changed between
2017 and 2018, we selected only five stations; their characteristics are listed in Table 1, while
an example of images is shown in Figure 2. Camera images covered an area of approx. 1.4
square meters.
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Table 1. Description of ground stations location (UTM zone 33 north, datum WGS84), equipment
and vegetation in Adventdalen during season 2017 and 2018.

Station UTM X

UTMY

Vegetation and Site Description

Sensors

ST1

523620

8677555

Moist moss tundra with Alopecurus ovatus,
Bistorta vivipara and Salix polaris.
Depressions with Equisetum arvense,
patches of Saxifraga hirculus,

and scattered Dupontia fisheri

and Eriophorum scheuchzeri.

Vegetation cover: 100%

NDVI sensor, soil temperature/moisture,
Infrared radiometer, PhenoCams

ST3

524461

8677707

Mosaic of the shrub Dryas octopetala,

and graminoids, e.g., Luzula confusa,

Poa pratensis alpigena and Alopecurus ovatus.

Lots of Salix polaris and Bistorta vivipara on

moist to wet moss tundra dominated by silty sand.

Small landscape feature dominated by soil frost

polygon with little vegetation in the center. Vegetation cover: 90-100%

NDVI sensor, soil temperature/moisture,
Infrared radiometer, PhenoCams

ST6

519008

8680756

Grass dominated sandy sediment plain.
Festuca rubra, Poa pratensis ssp alpigena,
and Alopecurus ovatus.Thin organic layer,
with lots of Salix polaris

in between the grasses.

Vegetation cover: 80-100%

NDVI sensor, soil temperature/moisture,
PhenoCams

ST7

519655

8679964

Wetland vegetation on flat silty and sandy substrate,
dominated by large polygon soil patterns.
Puccinellia phryganodes, Dupontia fisheri

and Eriophorum scheuchzeri in the interior

part of polygons, while Ranunculus pygmeaus

and bryophytes such as Scorpidium cossonii

and Scorpidium revolvens dominate the wettest

part in polygon cracks. Vegetation cover: 100%

NDVI sensor, soil temperature/moisture,
PhenoCams

ST9

519280

8679794

Heath dominated by Luzula confusa.
Other species present are Salix polaris,
Poa pratensis alpigena, Cerastium arcticum
and bryophytes such as Sanionia uncinata
and Tomentypnum nitens.

Some cryoturbation and silty soil.
Vegetation cover: 70-100%

NDVI sensor, soil temperature/moisture,
PhenoCams

(a) (b) () (d) (e)
Figure 2. Images recorded on 27 July 2018 from stations (a) ST1, (b) ST3, (c) ST6, (d) ST7, and (e) STO.

2.2. Datasets

The analyzed data sets are composed of time series from Sentinel-1, Sentinel-2,
and ground station data. 115 S-1A and S-1B images acquired from February 2017 (4
February 2017) to December 2018 (26 December 2018) were processed. With a revisit
frequency of six days, the C-band (wavelength, A = 5.5 cm) images were acquired in
Interferometric Wide swath mode (IW), with one relative orbit (track 014), and ascending
pass. The images were available in cross polarized HV (‘Horizontal transmit’ and “Vertical
receive’) channel, with a spatial resolution of 10 m. The 5-2 Multi Spectral Instrument (MSI)
acquires 13 spectral bands in the Visible, Near-Infra-Red (NIR) and Short Wave Infra-Red
(SWIR) domains, with a spatial resolution of 10 to 60 m. Time series of S-2A and S-2B were
processed starting from Level-1C Top-Of-Atmosphere reflectance. The high latitude results
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indeed in low solar elevation angles, which generate an under-correction of the atmospheric
signal for the Bottom-Of-Atmosphere (BOA) processing level 2A [31] Due to polar night,
images were acquired from April to September of each year. The polar orbit of S-2 enables
daily data of Adventdalen to be obtained. However, only 43 images were processed in this
study because of fog and frequent clouds, which reduced the number of images available.
The ground stations were equipped with Meter Group SRS-NDVI Sensor [32] and soil
temperature/moisture sensors (5 TM [33]). Water content and temperature of soil were
measured at 10 cm depth. Station ST1 and ST3 additionally included infrared thermometers
(SI-421 [34]) to monitor surface temperature. Data were recorded every four hours from
mid-April to the end of September. The 5TM soil moisture and temperature sensors were
not installed before the beginning of June, as the active layer was frozen until then. Time
lapse cameras (WingScapes, model WCT-00122), with 8 MP of resolution, recorded images
three times a day (9 am, 12 am and 3 pm). April to the beginning of October for three of the
stations (6, 7 and 9), while station 1 recorded from mid of August to October, and station 3
from end of July to October)

3. Methodology

In this study, we primarily applied known techniques to define the melting of snow
and the last day of snow. Following snowmelt, a study on the radar response to vegetation
growth and soil moisture was carried out. The scheme of the suggested methodology is
shown in Figure 3 and briefly described in the following sections.

% a SAR )
2
i
2
Mean of 3 winter Mean‘ofs summer
images Images
C Ratio snow free- snow ) Ground stations
[ Optical Validation
T . prEy o ]
! ; ; ; 1
Stack : Threshold . NDsI i3 Sentinel-2
roptimization ! Threshold i— Q©
f i B i < || Binary snow
Merrens T—------” eeeeeeeeeei D) | classification
X Validati
=! Binary wet snow| ‘@'daton
Sentinel-1 mask

Figure 3. Flow chart of the proposed approach to detect the main features of snow season and phenology.

3.1. SAR, Optical and Ground Data Processing

The pre-processing of S-1 data includes several standard steps to derive geocoded in-
tensity images from Level-1 GRD (Ground Range Detected) data. Each scene was geocoded
in the Norut software package GSAR [35] and stored as geotiff files. To reduce speckle-
affecting backscattering values and obtain a more homogenous snow cover pattern, a Frost
filter with a 7 X 7 window was applied to the images [36]. Top-of-atmospheric Sentinel-2
products (L1C) were processed to obtain clear-sky time-series. The cloud detection pro-
vided with the Sentinel-2 (L2A) product was often not sufficiently robust, and so clouds
were detected by a visual analysis of the images combined with different cloud-detection
algorithms for cloud removal. Specifically, we used algorithms from the literature [37,38],
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along with our own developed algorithms based on our experiences with time series pro-
cessing in Svalbard [39,40]. After this step, in the period from late April to late September,
16-22 days were cloud-free in 2017, and 15-21 days in 2018. Then, to reduce the time
discrepancy with SAR data, the cloud-free pixels were interpolated to daily data, by using
a Kernel Ridge Regression machine learning method [41]. Finally, time series from ground
sensors were filtered, selecting only the acquisition between 12 and 4 pm. The values within
this interval of time were averaged in order to reduce the noise.

3.2. Snow-Melting Detection

To detect temporal changes in snow structural and dielectric properties due to the
presence of water with S-1 C band backscatter, we used the ratio method [42]. Starting from
the climate database of the Norwegian Meteorological Institute (https://klimaservicesenter.
no/ Norwegian Centre for Climate Services (NCCS), accessed on 5 August 2019,) we
selected winter intervals with specific characteristics of snow depth, air temperature and
time between extreme events in days (snow depth > 5 cm, mean and max of temperature
< 0°C, £5 days before and after). The same procedure was applied to the summer period
(snow depth = 0 cm, mean and min of temperature > 5 °C, 5 days before and after,
no precipitation). The meteorological station is located at 15 m a.s.l in the central part of
Adventdalen (latitude 78.2022°-longitude 15.831°). Using this information, it was possible
to select images during the winter as a reference for dry snow/snow covered, as well
during the summer period as snow free references. The specification of the selected images
are shown in Table 2.

Table 2. Sentinel-1 master images and meteorological data years 2017-2018.

Image Date Snow Depth (cm)  Air Temperature Mean (°C)  Air Temperature Max (°C)  Air Temperature Min (°C)  Precipitation (mm)
6 March 2017 9 —11.8 -72 -13.3 -
12March 2017 9 -16.9 —14.9 -21.5 0.4
24 March 2017 12 -11.2 -89 —12.5 1.6
10 July 2017 - 74 87 5.7 -
22 July 2017 - 8.3 10.9 59 -
3 August 2017 - 8.1 10.6 74 -
17 February 2018 21 —-16.3 -10.4 —22.6 -
7 March 2018 13 —16 —139 —16.7 -
13 March 2018 14 —18.3 —14.8 —20.4 -

As a first step, the 2017 time series was used to optimise a wet-snow threshold (Th).
Three images acquired during the winter period were averaged, representing the snow-
covered conditions (0sc 2017)-

The same procedure was applied to three summer images, in order to obtain a reference
image for the snow-free surface (g4f2017). The threshold for defining wet-snow surfaces
was quantified by calculating the ratio (Ryy,) of these two images (Equation (1)):

(8
_ UTsc2017 )
Tsf 2017

Then, a sample of 30,000 snow-covered and snow-free pixels was extracted from
the ratio, respectively. RGB S-2 images from the corresponding period were used as
a guide to define snow-covered and snow-free surfaces. From the intersection of the
frequency distribution of pixels values, a threshold was obtained. As shown in Figure 4,
the intersection between the distribution of snow-free and snow-covered S-1 pixels was
—2.8dB.

This threshold was applied to discriminate wet-snow in the 2017 and 2018 time series,
for a total of 115 wet-snow masks.
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Figure 4. Distribution of Ratio values (dB) in snow covered and snow-free condition.

Simultaneously, a stack of images was created between the winter reference images of
the years 2017 and 2018 (052017, Tsc2018) and each image of the time series, calculating their
ratio according to Equation (2):

Rpg = Ctime series @
Tsc reference
where R1s (Equation (2)) is the ratio of each image of the time series (Ctime series) and
the reference images ( O reference) Of 2017 (sc2017) and 2018 (0s20178), respectively. After
rationing each image with the reference one, we applied the previously fixed threshold.
Finally, a binary classification of wet-snow (Maskyet-snow) Was produced for the years 2017
and 2018 (Equation (3)).
M“5kwet-snow = RTS < Th (3)

3.3. Snow-Free Mapping and Accuracy Assessment

The Normalized Difference Snow Index (NDSI) [12] was calculated from S-2 time
series for the years 2017 and 2018 according to Equation (4) :

(b03 — b11)

NDST = 03+ b11)

4)
where b03 (Equation (4)) corresponds to green band (central wavelength 0.560 um) and
b11 (Equation (4)) to shortwave infrared band (central wavelength 1.610 um). A threshold
of 0.6 was then applied to create a binary snow/snow-free map for the season 2017 and
2018 [36]. The threshold was chosen based on our experience from previous work on
defining snow-free surfaces in Arctic environments [8].

The comparison between the wet-snow maps derived from Sentinel-1 and the snow
maps derived from Sentinel-2 was carried out.

At the same time, the ground stations and the meteorological station n. SN99870
(Norwegian Meteorological Institute) were used to validate the Sentinel-2 masks. The
validation of the optical snow cover/snow free mask was carried out using photos from
the PhenoCams. When images were not available (ST1, ST3 season 2017), the NDVI from
the ground stations was used [43] as:

Snow free = NDVI > 0.3 (5)
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To obtain a more robust validation, air temperature at 2 m height and snow depth
from the meteorological station (snow depth = 0 cm, mean and min of temperature > 0)
were incorporated into the validation process.

3.4. Ground Sensor Data Analysis

The next phase focused on understanding the dominant components in the backscatter
signal in relation to vegetation development. S-1 ¢¥ time series were extracted in homo-
geneous areas of around 50 x 50 m corresponding to the ground stations. To remove the
noise, a linear interpolation and a moving average filter [44] were applied to the time series.

Correlation analyses were performed between time series of S-1 and ground sensor
data to understand the contribution of vegetation, and soil moisture on the SAR signal.
Subsequently, in order to measure the importance of the factors in a quantitative basis,
a dominance analysis [45] of the variables was carried out.

4. Results

First, a validation of the masks were carried out. Subsequently, the S-1 melting season
was calculated for the year 2017 and 2018, together with the snow season from S-2. Finally,
a sensitivity analysis between S-1 backscatter and ground information was performed.

4.1. Snow Masks, Inter-Satellite Cross-Comparison and Ground Validation

Applying the —2.8 dB threshold, wet snow masks were created for the 2017 and 2018
seasons. The masks were selected for the May-September period, when optical images were
also available. Next we created a binary daily snow cover mask by applying the S-2 NDSI
threshold. The S-1 wet-snow masks and S-2 snow masks were overlaid and visually verified
together with RGB images. An example of S-1 and S-2 masks is illustrated in Figure 5;
using a RGB image as the base (Figure 5a), the mask obtained from the NDSI (Figure 5b)
and the mask obtained from the coefficients of backscatter (Figure 5c) are overlaid.

Then, the first snow-free day of the 5-2 masks was compared with the data of the
ground sensors. From the regression model, the coefficient of determination R? between
S-2 masks and ground data was 0.73. The results are summarized in Table 3.

Table 3. First snow-free Day Of Year (DOY) detected by ground station and S-2 snow masks. The 2018
ground stations acquired data staring from May 23, already a snow free period. For this reason only
the information of the climatic station (SN99870) was available.

Station Ground Sensors Snow Mask
SN99870-2017 150 (30 May) 142 (22 May)
ST1-2017 151 (31 May) 154 (3 June)
ST3-2017 150 (30 May) 146 (26 May)
ST6-2017 141 (21 May) 144 (24 May)
ST7-2017 152 (1 June) 147 (27 May)
ST9-2017 154 (3 June) 166 (15 June)
SN99870-2018 128 (8 May) 124 (4 May)

4.2. Snow Seasonality

The total number of pixels affected by both by the presence of snow and melting snow
during the two seasons was comparable. However, a significant difference (quantified
in terms of km? of wet-snow) was observed in the temporal distribution of the process.
Figure 6 illustrates late melting of snow in 2017, with a maximum area of wet snow around
DOY 150-160 (start of June). On the contrary, the snow melting season in 2018 was earlier,
with a large amount of wet snow already in May. The peak of melting in 2018 corresponded
to DOY 170-180 (end of June). Therefore, the melting process started early in 2018, whereas
in 2017, there was a late but faster snow melt. During the season, after the different start
dates of snowmelt in 2017 and 2018, the pattern of melting proceeded similarly from from
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the middle of June (around DOY 170) until the end of August (around DOY 240). To assess
the spatial distribution of the snowmelt, please refer to Appendix A.1.
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Figure 5. Sentinel-2 RGB images of 2018-07-30 (a) with overlapped in green the snow mask obtained

using an NDSI threshold (b), and in yellow the wet snow mask obtained with 2.8 threshold on
im0
sigma’ (c).
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Figure 6. Surface (km?) covered by wet-snow during the melting season 2017 and 2018. The range of
days expressed in DOY (from approximately DOY 130, which corresponds to early May, to DOY 250,
which corresponds to early September) represents the window in which Sentinel-2 images are usable
due to polar night.

The S-2 results also indicated that the number of snow-free areas in 2018 were greater
than in the previous year (Figure 7). In 2017, until the start of June (approximately DOY 150)
snow slowly disappeared from the surfaces, and then had a rapid decrease until the end of
June (approximately DOY 180). In 2018, on the contrary, since the beginning of the season
(DOY 130), the km? occupied by snow progressively decreased, forming a bell-shaped
trend. Again, after a very different starting phase, the pattern proceeded similarly in both
years from the end of June (about DOY 180) until the end of August (about DOY 240).

The average difference in days between the first snow free day of 2017 and 2018
obtained by the validation of the stations positioned in Adventdalen valley was 23 days. The
spatial distribution of the snow-free surfaces over the two years is shown in Appendix A.2.

Finally, to obtain an overview of the snowmelt and snow seasons for both years we
created maps of ‘wet snow’, ‘dry snow’, and ‘snow-free’ areas. An example is shown in
Figure 8, where (a) and (c) are derived from 2017, while (b) and (d) from the same period of
2018 (£1 day).

Snow free (Km?2). Seasons 2017 and 2018 (May-September)

120

160 200 240

DOY
Season.2017 Season.2018

Figure 7. Surface [km?] free of snow during the season 2017 and 2018.
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4.3. Multi Sensor Analyses and Vegetation

To understand the evolution of the HV signal in respect of the NDVI, the Soil Water
Content (SWC) and the temperature of soil, a temporal analysis was computed. Figure 9
shows an example of the 5-1 time series related to ground information; the time series are
from 2017, station ST3.

The Pearson correlation coefficient (R) and p-value between time series are shown in
Table 4.

Table 4. Pearson correlation coefficient (R) and p-value for the five stations.

Time Series Station Pearson 2017 p-Value 2017 Pearson 2018 p-Value 2018

S1HV ~ NDVI ST1 0.36 0.000 0.52 0.000
ST3 0.09 0.379 0.23 0.014
ST6 0.64 0.000 0.69 0.000
ST7 0.45 0.000 0.56 0.000
ST9 0.53 0.000 0.14 0.147
S1HV ~ SWC ST1 0.17 0.094 0.61 0.000
ST3 0.81 0.000 0.71 0.000
ST6 0.42 0.000 0.53 0.000
ST7 —0.34 0.000 —0.34 0.000
ST9 0.44 0.000 0.65 0.000
S1 HV ~ Temp ST1 0.38 0.000 0.19 0.047
ST3 0.30 0.002 0.19 0.043
ST6 0.79 0.000 0.32 0.000
ST7 0.77 0.000 0.50 0.000
ST9 0.68 0.000 —-0.12 0.195

In the 2017 season, except for the ST3 and ST6 areas, the R between HV ~ NDVI and
HV ~ SWC was below 0.6, with p-values less than 0.05 (excluding ST3 and ST1). Conversely,
the R between HV and temperature in the ST6, ST7, and ST9 stations were significant (R
mean of 0.74). Through the Pearson correlation coefficient, the positive correlation between
the time series was defined, except for the station ST7 (HV ~ SWC). In 2018, the results of
the R were significant for HV ~ NDVI and HV ~ SWC. Instead, the HV ~ temperature
correlation showed a low value in all five areas. Again, the ST7 station was negative
correlated with HV and SWC, along with the HV and temperature of the ST9 area. To
determine the order of factors soil temperature and moisture content, dominance analyses
of the linear models were performed. The results in Table 5 illustrate the dominance,
expressed as a percentage, of the NDVI and SWC variables in linear regression with the
HV channel. However, in 2018, for the stations ST1 and ST3 the SWC influences the HV
channel more than the vegetation.

Table 5. Dominance analyses of the linear models between HV ~ NDVI and HV ~ SWC.

Station 2017 NDVI % 2017 SWC% 2018 NDVI% 2018 SWC%
ST1 87 13 42 58
ST3 1 99 8 92
STé6 71 29 64 36
ST7 64 36 74 26
ST9 59 41 2 98
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Figure 9. Time series of S-1 HV channel and ground sensors for the area ST3 2017: in the graphs,
in red is shown the HV backscatter, in green the NDVI, in blue the Soil Water Content (SWC) and in
purple the soil temperature at 10 cm depth. A moving average filter was applied to the time series.

4.4. Discussion

The threshold for detection of wet snow was calculated and applied to 115 S-1 C
band images. To minimize the threshold dependency on the reference images, it was
essential to average three images during the winter (s 2017) and summer (0 917) peri-
ods. The threshold identified in this study was in line with the thresholds found in the
literature [15,16,46].

However, the time lapse between two acquisitions was decisive in the definition of
wet snow, because there were strong changes from one day to the next. For this reason,
together with the low amount of snow, it was not possible to detect wet snow in some areas
of the valley floor. A specific threshold analysis for vegetated areas, rocks, and sediments
could improve our wet snow masks [17].

In terms of optical images, the validation of the NDSI masks by PhenoCams/NDVI
was not possible for the 2018 season. Due to the early snow melting, the start of the RGB
image acquisition occurred only in a snow-free period. For this reason, it was only possible
to use the information from meteorological station. The NDSI snow-mask/field data
correlation, considering both years, was found to have an R? of 0.73. This is significantly
better than the results obtained by the optical sensor MODIS over northern Norway [8].

The two seasons investigated showed a variability in the melting period. The 2017
season experienced late melting, with peaks around the end of June. On the contrary,
in 2018 the snow began to melt much earlier. On average, the discrepancy in the valley
between the two years was around 20 days.

Once the masks were obtained and validated, it was possible to get an overview
of the snow season 2017 and 2018. The SAR and optical time-series were fused into a
multi-sensor and multi-temporal snow cover masks. At this latitude, due to low incident
angle, after September it was not possible to detect the first day of snow covered with
optical data in the valley. The discrepancy between snow melting and the last day of snow
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corresponded in both cases to about 20 days at the lowest elevations in the two seasons
under consideration. Therefore, in 2018, in these areas, snow melting was about 20 days
earlier, as well as snow-free surface in comparison with the 2017 season. Considering that
the vegetation phenology is strongly influenced by the dynamics of snow [2,3], it would be
interesting to estimate the impact of the two seasons on a large scale [10], with a spatial
resolution equal to 20 m (the spatial resolution of the S-2 short wave infrared band).

An exploratory investigation was conducted on the sensitivity of backscattering coeffi-
cients to snow-free surfaces in the high arctic environment. The structure of the vegetation
and its dielectric properties, soil roughness and moisture influence the backscattering coef-
ficients. For dense vegetation and small leaves, the C band has proved useful in detecting
the dynamics of vegetation compared to other frequencies [47,48]. Moreover, in the cross
polarized channels the contribution of vegetation is predominant [49]. Our results con-
firmed at most stations a dominance of the vegetation factor, expressed by the NDVI, on soil
moisture (SWC). Nevertheless, the R between HV and NDVI showed, especially in 2017,
a low significance and a variation depending on the areas under consideration. In the ST3
area, in both years, soil moisture was the prevalent component of ¢® HV channel. The area
has cryoturbated soil and is dominated by polygons of frost patterned ground, with little
vegetation in the center. Soil moisture in this area averaged 0.30 m3/m? in both years,
with maximum values not exceeding 0.34 m®/m?3. Furthermore, the dominant vegetation of
this area are graminoid that grow in tussocks; an example is the genus Luzula. These plants
have short leaves (1-6 cm and 3-5 mm wide) and keep withered leaves and sheaths from
previous years [50,51]. These factors could explain the dominance of the soil component
over the vegetation in this area. On the contrary, station ST6 has a plain of sandy sediments
dominated by herbs, such as the genus Festuca. In this case, the leaves are up to 10-20 cm
long, with 0.7-1.0 mm broad when rolled up, up to 2.5 mm broad when flat [50,51]. For this
reason, the sensitivity of the HV channel is greater with respect to the vegetation component
than to the soil component. A similar argument applies to station ST1 and ST7, which have
graminoid dominated cover. A further element in the analysis of the results of the station
ST7 is the saturation of the soil. The SWC reaches maximum values of 0.6-0.8 m3/m?3 in
2017 and 2018, respectively. This could limit the penetration of the radar signal into the soil,
resulting in limited sensitivity to this component. Another important point is the relevance
of the correlations with temperature in the two years under consideration. In 2017, the year
with delayed melting and disappearance of the snow, the SAR signal is more related to
temperature at stations ST6, ST7, and ST9, than to vegetation and soil. On the contrary,
in 2018, the relevance of temperature is almost negligible at all the stations. The change in
snow cover determines the thawing rates of the soil, and thus controls the temperatures in
the soil and soil surface, as well as the thickness of the active layer [52].

As the soil temperature decreases, there is lower liquid water content, which causes
the backscattered signal to reduce [53,54]. The amount of frozen soil/tundra (with drier
vegetation dominated by graminoids) may therefore limit the radar’s capability to follow
the vegetation growth pattern and soil moisture. In addition, links were observed between
thawing of tundra soils and rainfall, especially from May to June [55]. For a phenological
state estimation model, the incorporation of the soil temperature and precipitation could
improve the outcomes. A better and deeper understanding of the backscatter dependence
on soil and vegetation properties could be achieved by using data from boreholes in Sval-
bard (e.g., Adventdalen and Kapp Linne’) in combination with fieldwork procedures such
as those conducted by Bergstedt et al. (2018) [53] in their study covering circumpolar
regions including Scandinavia. As a final consideration, the variation in the correlation
between the vegetation and the backscatter signal could be determined by the presence
of reindeer and migratory birds on the vegetated areas. The grazing of Svalbard reindeer
(Rangifer tarandus platyrhynchus), whose population is increasing with an estimated mean
population size of 22,435 [56], as well as grazing and grubbing by an exponentially increas-
ing population of geese (e.g., Anser brachyrhynchus) cause a severe loss of plant biomass [57]
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that should be taken into account in understanding the response of backscatter coefficients
to vegetation dynamics.

4.5. Conclusions

To follow snow dynamics on Svalbard, Sentinel-1 wet snow masks and Sentinel-2 snow
masks were created and validated using ground data. An optimized threshold, applied to
SAR backscattering coefficients, was used to detect wet snow during the years 2017 and
2018. Using the NDSI index, a daily snow mask was extracted from the Sentinel-2 sensor.
Then Sentinel-1 and NDVI were used in synergy to follow vegetation dynamics. Our
results have shown a variability in the length of snow seasons of 2017 and 2018. In 2018, the
snow melted and the surface was free of snow about 20 days earlier than in 2017, and this
was most clearly visible in the valley bottoms. In future studies, it would be interesting
to evaluate the impact of these snow seasons on the vegetation phenology. Since high
cloud coverage limits optical satellite data in the Arctic environment, a sensitivity study of
cross-polarized channels to phenology and soil dynamics was performed.

The results of our study confirmed that vegetation is best detected by the HV channel
in the Arctic environment. However, the ability to detect is limited due to the structure of
the vegetation and the saturation of the soil. The late melting and disappearance of snow
causes a further challenge in the monitoring of vegetation and soil dynamics. Therefore,
when studying vegetation and soil dynamics, the amount of frozen soil/tundra should
also be considered to understand the response of backscattering coefficients. Furthermore,
the grazing of reindeer and arctic geese should be taken into account to fully understand
the data.
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Appendix A
Appendix A.1

A visual representation of the difference between years is shown in Figure A1, where
each colour matches the wet snow cumulatively at a specific month. The snow cover for a
specific month is coloured blue for May, red for June, orange for July, green for August and
purple for September.
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Figure A1. Wetsnow masks of the season 2017 and 2018: May is shown in blue (a,b), June in red (c,d),
July in orange (e,f), August in green (g,h) and September in purple (i,j). The masks of the different
days of the months are overlapped by a dark to light gradient for each type of color (cumulative of
month periods). The picture shows the surrounding area of Adventdalen to provide an overview of
the region, with a dotted frame representing the investigated area.

Appendix A.2

The periods without snow (expressed in DOY) are shown in Figure A2 by red to
dark purple shading. In both years the first surface free from snow was in the area of the
airport situated at the mouth of Adventfjord, then on roads and on the steepest slopes of
the mountains. After that, the snow disappeared from the flat bottom and lower slopes of
the main Advent valley, in the secondary vallies and lastly in the areas with the highest
altitude. The 2018 snow-free season was earlier than in 2017. The maps show a discrepancy
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in the red-orange colours of the vallies. The difference between the maps is smaller for
areas at higher elevations.
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Figure A2. Snow-free maps for the years 2017-2018 (Period May-September). Each colour is matched
by a period of 10 days expressed in DOY. (a) 2017 and (b) 2018.
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Abstract: The Arctic is a region that is expected to experience a high increase in temperature. Changes
in the timing of phenological phases, such as the onset of growth (as observed by remote sensing),
is a sensitive bio-indicator of climate change. In this paper, the study area was the central part of
Spitsbergen, Svalbard, located between 77.28°N and 78.44°N. The goals of this study were: (1) to
prepare, analyze and present a cloud-free time-series of daily Sentinel-2 NDVI datasets for the 2016
to 2019 seasons, and (2) to demonstrate the use of the dataset in mapping the onset of growth. Due to
a short and intense period with greening-up and frequent cloud cover, all the cloud-free Sentinel-2
data were used. The onset of growth was then mapped by a NDVI threshold method, which showed
significant correlation (1% = 0.47, n = 38, p < 0.0001) with ground-based phenocam observation of the
onset of growth in seven vegetation types. However, large bias was found between the Sentinel-2
NDVI-based mapped onset of growth and the phenocam-based onset of growth in a moss tundra,
which indicates that the data in these vegetation types must be interpreted with care. In 2018, the
onset of growth was about 10 days earlier compared to 2017.

Keywords: Sentinel-2; NDVI; time-series; onset of growth; Svalbard

1. Introduction

Global temperature is increasing, and particularly so in Svalbard [1-3]. This has
strong impacts on terrestrial ecosystems. Whilst the 1982-2015 greening trend for the
Arctic is most pronounced at very high latitudes in continental tundra regions, maritime
areas including the high Arctic islands (here defined as oceanic to moderately continental
regions), show weaker trends [4-6].

In order to monitor climate-induced change in vegetation, time-series of optical
satellite data can be used to map a range of different biophysical parameters, and such
data have been used in Svalbard to map phenological stages such as the onset and peak
of the growing season, as well as plant productivity [6-8]. A strong link between the
plant productivity and sea ice distribution was found [9]. Cloud detection is the most
crucial step during the pre-processing of time-series of optical satellite images. Failure to
mask out (remove) the clouds from the image will have a significant negative impact on
any subsequent analyses, such as differentiating the phenological stages [8,10], change
detection and land-use classification [11]. Cloudiness in Svalbard, as well as in the other
arctic islands, has caused problems when monitoring the different phenological stages
using satellite data [7,9]. Snow and ice, frequent events with fog, low solar elevation angles,
short growing seasons, and weak vegetation responses characterize Svalbard, and make
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cloud masking on the archipelago a challenging task. Further, Svalbard is undergoing
dramatic climatic changes, with periods of heavy rain instead of clear cold weather with
steady snow cover in autumn—early winter, and mild periods in midwinter, creating ice-
or even snow-free spots that occurred several times in the last few years [12]. How these
extreme climatic events and changes in snow duration, snow properties, and time of green-
up affect the plant growth is largely unknown at the plant community and ecosystems
levels, and the provision of more accurate proxies of phenology at large spatial scales is
necessary [13].

Extensive datasets of ground-based visual observations of phenology have been
collected in Adventdalen, Svalbard since 2007 [14] and elsewhere in arctic and alpine areas
over the last 30 years through the International Tundra Experiment (e.g., [15-17]). However,
these are very time-consuming to collect and require constant presence in the field, and so
an automated system of observations would be more efficient. It is a challenge to make
the links between sensors at different distances from the vegetation, from near-scale up
to satellite-derived data [18]. Clearly, there is an urgent need for methodologies to be
developed that combine field-based observations and data using near-ground sensors such
as those obtained from phenocams [10,19], in order to validate satellite data, e.g., Sentinel-2
(52) [13,20-22] and provide more accurate estimates of plant phenology and productivity
at different spatial scales [13].

Compared with previous studies of the onset of growth in Svalbard based on 231.65 m
pixel resolution in MODIS data [7] S2 data with 10-20 m pixel resolution offers exciting
opportunities to monitor and study plant phenology at much greater detail [23]. Due to
the northern location of Svalbard, and the polar orbit of S2, the study area has frequent
acquisition, with often two images of S2 data per day, and is therefore a suitable area for
vegetation phenology studies.

The main aim of this study is thus to (1) prepare, analyze and present a cloud-free
time-series of daily S2 NDVI datasets for the 2016 to 2019 seasons covering central parts of
Spitsbergen in Svalbard, and (2) to demonstrate the use of the dataset in mapping the onset
of vegetation growth.

2. Materials and Methods
2.1. Study Area

The study area was the central part of Spitsbergen (Nordenskiold Land peninsula, and
Nathorst Land) in the archipelago of Svalbard, located between approximately 77.28°N-
78.44° N and 12.40°W-19.10°W (Figure 1), which is S2 tile 33XWG and most of tile 33XVG.

Nordenskiold Land is characterized by large valleys with dense vegetation cover,
where the mean NDVI value locally reaches above 0.5 (Figure 1), indicating high plant
biomass [8,24]. At higher elevations, the vegetation is sparse, as shown in NDVI values
below 0.1 (Figure 1). Nathorst Land is mainly covered by glaciers, and vegetation is only
found along the coast and in small valleys. Altogether, 1889 km?2 (20.7%), of the land area
has NDVI values above 0.1; the remaining area is made up of glaciers or is very sparsely
vegetated.
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Figure 1. The study area of central Spitsbergen, Svalbard, showing mean NDVI values for the 25 July to 1 August period

(4-year mean (2016-2019)). Snow/glacier mean values are shown for the same period, extracted from NDSI values (see text).

The topographic shadow is approximate when the S2 passes in late July. The map also shows the location of the phenocams

used in this study.

The meteorological station at Svalbard Airport, located close to the archipelago’s
administrative center in Longyearbyen (Figure 1), recorded a mean July air temperature of
7.0 °C and mean annual temperature of —3.8 °C for the 1991—2020 normal period (Table 1).
This study is based on use of S2 data for the years 2016 to 2019. For Nordenskiold Land, the
snow melted early in both 2016 and 2018 compared to the 2000-2019 average [6], reflected
by high May temperatures of 1.4 °C in 2016 and 1.8 °C in 2018, compared to the —2.2 °C
average from the last 30 years (Table 1). On the other hand, the year 2017 had a May
temperature of only —3.9 °C. The onset of growth starts in June in the warmest valleys,
and in early July at higher elevations [7]. All the years examined in this study (2016-2019)
had mean June temperatures above the 1991-2020 average.

Table 1. Monthly and annual temperature (°C) for the meteorological station at Svalbard Airport
(station number 99840), located close to Longyearbyen (Figure 1). Temperatures for the years with
S2 data used in this study compared to the 1991-2020 normal period (Norwegian Meteorological
Institute 2021).

Month/Year 2016 2017 2018 2019 1991-2020
May 14 -39 1.8 -23 —-22
June 5.0 4.6 4.0 4.8 3.6
July 9.0 6.9 72 8.4 7.0

Annual —0.1 —-22 -1.8 —3.4 -3.8

2.2. Phenological In-Situ Data

Phenological observations designed to be up-scaled by S2 data were established in
Adventdalen and adjacent Endalen valleys (Figure 1). In the field, large homogeneous
areas of the following vegetation types were located: Dupontia fisheri marsh, Dryas oc-
topetala tundra, mixed Dryas octopetala-Cassiope tetragona tundra, moss tundra (Aulacomnium
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turgidum-Tomentypnum nitens type), Equisetum arvense ssp. alpestre snowbed, and Luzula
confusa tundra. The mixed Dryas octopetala-Cassiope tetragona tundra site was located in
Endalen, which has a slightly warmer local climate and represents the warmest/earliest site
for growth onset. In addition, we also monitored phenology on a mixed exposed tundra
type on a mountain plateau (350 m.a.s.l.). All the selected areas are homogeneous, except
the site at the mountain plateau, which is moss rich and where gravel covers about one
third, and Luzula confusa and Salix polaris are the most common vascular plants. Together,
these vegetation types make up a large part of the vegetation diversity and thereby the
phenological variation in the Adventdalen valley and on a nearby mountain plateau. The
smallest site, a very homogeneous Equisetum snowbed where the moss Sanionia uncinata
dominates the ground layer, covers fourteen 10 x 10 m? S2 pixels (1400 m?) and the other
six sites from 73 to 361 pixels (7300-36,100 m?). The phenological observations were ob-
tained by manual examination of photos captured by time-lapse cameras (phenocams)
(trail camera model Acorn LtL-5310WA with 12-Megapixel and 100° wide angle) placed
on tripod 40-60 cm above the surface, covering a plot of 0.95-1.43 m?. The cameras were
used in the selected vegetation types at the same site each year, established after snowmelt
but before green-up, and removed from the field in September. The phenocams captured
images each hour from 10 a.m. to 2 p.m. each day. In the moss tundra and in the mixed
Dryas-Cassiope tundra we used two cameras, while the other sites had one camera.

In each site, the images capture photos of the dominant and/or the sub-dominant
species, except the moss tundra, where both Dryas octopetala and Salix polaris only occurs
scattered on dryer parts (Figure 2). The shrub Salix polaris is among the most widespread
vascular species in Svalbard, and is very common or even sub-dominant in all the observa-
tion sites, except in the Dupontia fisheri marsh, and Salix polaris was included in some of the
images on the other sites as well.

Figure 2. A phenocam on a tripod in Adventdalen valley established to capture images of Dryas
octopetala in a moss tundra. Photo from 3 June 2016, eight days before the defined onset of growth of
Dryas octopetala that year.

Within the phenocam images, we counted and observed leaves/steams close to a stick
or at the same spot each year, since the camera had the same placement each year. The area
of interest examined was about 5 x 5 cm and had at least 5 leaves of the study species.

From the close-up phenocam images, we followed the phenological growth stages, and
we defined the phenophases according to the extended BBCH scale [25]. The abbreviation
BBCH derives from the names of the originally participating stakeholders: “Biologische
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Bundesanstalt, Bundessortenamt und CHemische Industrie”. The BBCH scale is a system
for the uniform coding of phenologically similar growth stages of all mono- and dicotyle-
donous plant species. Similar phenological stages of each plant species are given the same
code. In the two-digit code, the first number shows the principal growth stage (0-9) and
the second number the secondary stage (0-8). In this study, we manually extracted the date
(day of the year) on which the plant reached the BBCH scale 15, which is on the shrubs we
observed: ‘>5 leaves unfolded, but not yet full size’, and the corresponding phenophase on
the graminoids we observed: ‘>5 leaves (>3 cm) clearly visible’. For the horsetail Equisetum
arvense ssp. alpestre, no BBCH code exists, so for this species we defined the onset of growth
as: “>5 stem (>3 cm) having branches (>0.5 cm)’. The BBCH scale was established primarily
for agricultural plants, but BBCH code 15 gives a good definition of the first opening of
leaves of our study species. This phenological stage is called ‘onset of growth’ in this study
and corresponds to ‘green-up” in many tundra publications (e.g., [15]). It happens rapidly
and is easily observed by eye in the field in Svalbard.

2.3. Processing Sentinel-2 Data—Cloud Removal and Interpolation

This study makes use of all available S2 imagery from April/May to mid-September
and spans four seasons (2016 to 2019). Svalbard’s location close to the North Pole as well
as the polar orbit of S2 enables a higher number of captured images. On 1 July 2017,
the satellite Sentinel-2A was joined by its twin, satellite Sentinel-2B, and from this point
onwards we often have two images per day.

At the same time though, the high latitude implies low solar elevation angles (solar
zenith angles higher than 70°) for its measurements, and particularly so late in the growth
season. For this reason, processing level 2A (bottom-of-atmosphere (BOA)) is not reliable
for this area, as it results in the under-correction of the atmospheric signal [26]. The study
is therefore based on processing level 1C (top-of-atmosphere (TOA)) reflectance data. Level
2A data are only used as reference data for scene classification and the estimation of cloud
probability.

Overcoming cloud cover is a crucial step during the pre-processing of time-series of
optical satellite images. For cloud detection, we examined the cloud probability in Level
2A (Sen2Cor processor), from the ‘s2cloudless” machine-learning-based algorithm [27], and
from previous S2-based algorithms [28]. In addition, we developed our own cloud detection
algorithms from multi-spectral values and multi-temporal tests, using experiences from
MODIS data time-series processing of Svalbard [7], as, for instance, the algorithm: the
value of band 8 (NIR) for a given pixel is compared to its median value for that pixel in
the 2016-2019 period, and values less than 30% of the median indicated cloud shadows
covering vegetated areas [28]. However, none of the cloud detection methods work well
for sparsely vegetated areas (bright surfaces), which is very common in the study area.
Additionally, for thin semi-transparent clouds, and for cloud shadows, the algorithms
did not show sufficient accuracies. To detect clouds, we performed a visual inspection in
the visual and SWIR bands, and visually masked out cloud free areas, only using all the
different cloud masks as references. One exception was the cirrus clouds, which could
be accurately detected with the S2 band 10. However, cirrus clouds only appear in a
few of the images. This time-consuming method for overcoming cloud cover, based on
visual inspection, ensured few errors, but not all cloud-free data are included. Some of
the images had many small cumulus clouds. Areas scattered with such clouds were too
time-consuming to mask out and were therefore not used.

Normalized Difference Vegetation Index (NDVI) values were calculated for the cloud-
free pixels and interpolated to daily data. The gap-filling to daily data was achieved by
performing a linear interpolation and smoothing with a Savitzky-Golay filter [29]. Areas
with NDVI <0.1 (4-year (2016-2019) mean NDVI for the 25 July to 1 August period, Figure 1)
were not included in the dataset, as they have no, or at most, very sparse vegetation cover.
The interpolation and smoothing method used led to some unrealistically low NDVI values
early in the season when it was snow covered, and all NDVI values below —0.1 were
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reclassified to —0.1. Finally, due to the short and intense growth season in the study area,
we believed that data with more than 10 days since last cloud-free observation would be
too inaccurate to be used, and were removed from the dataset. The resulting dataset is
daily clear-sky NDVI maps with 10 x 10 m? resolutions for the 2016 to 2019 seasons.

In addition, from the clear-sky S2 dataset, the NDSI (Normalized Difference Snow
Index) values were calculated and interpolated to daily data for all land areas in the study
area. This S2-NDSI dataset is used in a study where different snow mapping methods are
compared [30], and the mean snow cover for 25 July to 1 August (mean 2016-2019) was
extracted and used on the maps in this study for improved illustrations.)

2.4. Mapping the Onset of Growth

To map the onset of growth each year, we used the time-series of cloud-free daily
S2-NDVI data. First, we computed the 4-year (2016-2019) mean NDVI value for every pixel
in the study area for the 10 July to 5 August period. This period was chosen as the period
where the leaves are fully open and before senescence starts and reduced the “noise” from
snow-covered ground. The onset of growth at each pixel each year was defined as the
time when the NDVI value each year exceeded 69% of the 10 July to 5 August 4-year mean
NDVI value. This NDVI threshold level was reached after several iterations as the level
that gives the highest correlation to—and least bias with—the ‘onset of growth’ observed
using phenocam photos. Variations of this method were first used in Fennoscandia [31-35]
and were used in Svalbard on MODIS data [7].

3. Results
3.1. A Clear-Sky Daily NDVI Dataset

The availability of cloud-free data from May to September limits the possibility to
map the onset of growth. In 2016, we used S2 data for the 30 April to 12 September period.
For this 135-day period, S2 images were captured on 111 days. From these 111 days with
S2 data, we obtained on average only 8.2 days with cloud-free data (Figure 3), indicating
a cloud cover of greater than 90% of the time in which the satellite captured images that
season. In total, 17.5% of the pixels had more than 10 days since the last cloud-free day,
and so were removed from the dataset, leading to main gaps in the time-series 9-11 May,
2-3 June, 25-28 June and 21-22 July. In particular, Agardhdalen, some parts of Adventdalen,
and south-westernmost parts of the study area had limited S2 data (<8 cloud free days) in
the 2016 season, creating restrictions to the reliable mapping of the onset of growth in parts
of the study area.

In 2017, we used data for the 9 May to 12 August period; for these 95 days, we had
on average 10.5 days with cloud-free pixels. In the west (Nordenskioldkysten) there was
little cloud-free data (less than 8 days), but the main valleys (Reindalen, Adventdalen, and
Sassendalen) had about 13-16 days with cloud-free pixels (Figure 3). Some main gaps in
the data were 19 June and in the 2-12 July period, and altogether, 16.8% of the pixels had
more than 10 days since the last cloud-free day and were removed.

In 2018, S2 data from 30 April to 23 August was processed. However, for this 115-day
period, on average, only 7.6 days of cloud-free data were found, and these cloud-free pixels
were unevenly spread: while Reindalen, Sassendalen and Agardhdalen had mostly less
than 7 days with cloud-free pixels, Daumanseyra had more than 13 days (Figure 3). Due to
the cloudy conditions in this season, a total of 21.9% of the pixels had more than 10 days
since the last cloud-free day, and this led to large gaps in the dataset between 25 May and
7 June, and from 14 to 19 July.

For the year 2019, we used S2 data in the period from 30 April to 15 August. For these
107 days, we obtained cloud-free data on an average of 18.8 days. In parts of Reindalen, up
to 29 days had cloud-free data (Figure 3). Only 4.2% of the pixels had more than 10 days
since the last cloud-free day, leading to few gaps in the time-series, and these gaps were
mainly in the northwestern parts of the study area between 29 June and 16 July.
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Figure 3. Central Svalbard. Number of cloud-free pixels for the season: (a) 2016; (b) 2017; (c) 2018; (d) 2019.

3.2. Timing of the Onset of Growth

The calculation of the S2-NDVI-based onset of growth for each of the seven poly-
gons, representing the seven vegetation types with phenocams, were compared with the
phenocam-based records of onset of growth (Table 2). The correlation between these two
methods was highly significant (Figure 4), and on average, the NDVI-based onset of growth
occurs one day later than the phenocam-based (day of year 171 vs. 170, 19 vs. 20 June).
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Figure 4. Relationship between the phenocam-based observations of onset of growth and the S2-
NDVlI-based onset of growth.

Some data are missing in Table 2. Dupontia fisheri was monitored in field only in 2016,
and Equisetum arvense ssp. alpestre only in 2018 and 2019. The other missing data is due to
technical problems with the cameras, or because the cameras fell down during the season.

The earliest onset of growth recorded by phenocams was on D. octopetala in 2018
(doy 155/4 June), in the D. octopetala—C. tetragona tundra in Endalen, and this polygon
also had the earliest S2 NDVI-based onset (doy 159/8 June). In general, the latest onset of
growth measured both by phenocam and S2 NDVI was found in 2017. Among the seven
vegetation types, there were some differences between species and years in the onset of
growth, as observed by phenocams. In general, Luzula confusa in the mixed exposed tundra
on the mountain plateau, and E. arvense in the snowbed site had a late onset of growth
compared with the other species/sites, while D. octopetala in the mixed D. octopetala—C.
tetragona tundra in the relatively warm Endalen had an early onset of growth, followed by
D. octopetala in the D. octopetala tundra (Table 2).
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Table 2. Onset of growth (day of year) as measured from phenocams (left value), and from S2 NDVI
(right value) for the seven polygons representing seven vegetation types, see location in Figure 5.

Vegetation Types/Species 2016 2017 2018 2019
1. Mixed exposed tundra
Luzula confusa 178/175 179/179 174/176
2. Equsetum arvense snowbed
Equsetum arvense ssp. alpestre 180/172 178/173
3. Dupontia fisheri marsh
Dupontia fisheri 170/176
4. Dryas octopetala tundra
Dryas octopetala 160/170 155/159 162/168
Salix polaris 170/170 172/168
5. Luzula confusa tundra
Luzula confusa 168/172  168/180  164/161  168/172
Salix polaris 169/172  173/180  166/161  169/172
6. Moss tundra
Dryas octopetala 163/170  171/185  157/162  168/169
Salix polaris 176/170 ~ 178/185  166/162
7. Mixed D. octopetala—C. tetragona tundra
Dryas octopetala 163/171 172/180  155/159  167/167
Betula nana 169/171 179/184 168/159 171/167
Salix polaris 176/171 180/184 163/159 172/167

<10 June

1-5 July

>5 July
[T] Snow or glacier
| Bl Topographic shadow
w1 Not mapped
(NDVI<0.1)

% @ Vegetaion type with
Phenocam

>0

Figure 5. Longyearbyen-Adventdalen valley area seen from northwest towards southeast. Showing mean onset of growth
for the 2016 to 2018 period, and the placement of the phenocams.
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The largest bias and variability between the phenocam and NDVI-based onset of
growth were found in the moss tundra, where the scattered occurrences of vascular plants
only contribute very little to the NDVI signal. In the moss tundra, the phenocam-observed
onset of growth in vascular plants occurs up to 14 days earlier and up to 5 days later
compared with the S2-NDVI-based onset.

A large bias of timing was also seen in the Equisetum snowbed, where the moss
Sanionia uncinata dominate the ground layer, which had phenocams in 2018 and 2019, and
where the phenocams showed 8- and 5-day later onset of growth, respectively, compared
with the S2 NDVI-based onset (Table 2).

3.3. Onset of Growth

Figure 5 shows a 3D view of the mean (2016-2019) onset of growth of the Longyearbyen—
Adventdalen valley area and illustrates the level of detail used for mapping the onset of
growth. An early average onset of growth (<15 June) is found at the coast and in areas with
favorable slope (e.g., facing S or SW) and exposure at lower altitudes. The map also reveals
a clear altitude gradient, with the onset of growth in July at higher altitudes.

In 2019, the cloud-free S2 data availability was high, and the onset of growth could be
mapped in most of the study area (Figure 6d), while in other years (2016-2018), extensive
areas could not be mapped for growth onset due to gaps in the S2 NDVI time-series during
the spring period (Figure 6a—c). The mapping reveals large differences in the onset of
growth between the years. The year 2018 had an early onset, mostly before 15 June at
lower altitudes. The year 2016 had an early onset of growth in the western parts, but more
average in the eastern parts of the study area. The year 2017 had a very late onset, in
early July in most of the study area, except along the coast and in parts of Sassendalen and
Agardhdalen, which had an onset of growth in mid-June. In 2019, the onset of growth was
close to the 2016-2019 average. In Adventdalen valley, the onset of growth was more than
10 days earlier in 2018 compared to 2017, while at higher altitudes, there were much lower
differences between these years.
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Figure 6. Central Svalbard. Onset of growth: (a) 2016; (b) 2017; (c) 2018; (d) 2019.

4. Discussion

Svalbard has a short growing season, and when green-up occurs, it progresses very
rapidly. Hence, it is important to use all cloud-free data to gain an accurate date for the
onset of growth. The 2018 season had above-normal cloud cover, and on average only
7.2 cloud-free days were found, which is marginal for processing a NDVI curve. In 2018,
the dataset had many gaps (>10 days since last cloud-free pixel), and relying on cloud
detection algorithms to clean the dataset would lead too to many errors to create a NDVI
curve, at least for most parts of the study area. On the other hand, for the 2019 season, more
than 20 cloud-free days were found in some parts of the study area, and for these areas
in the 2019 season, we believe cloud detection algorithms could be used, since a suitable
gap-filling and smoothing method would ‘erase’ most of the errors in the cloud masking.
Further, including Landsat-8 data [36], which has a close to daily revisit time in the study
area, would increase the temporal sampling and reduce the need for visual inspections of
cloud cover. In particular, in 2018, the year with less cloud-free data, even after removing
large gaps in the NDVI time-series (>10 days since last cloud-free pixel), some errors are
found, occurring as unrealistic transitions in the onset of growth maps (Figure 6c).

Previously, Karlsen et al. [8] found that the peak NDVI on Svalbard had much less
correlation with plant productivity compared to an integrated NDVI value from the onset
to peak of growth, due to the cloudy weather with rarely cloud-free pixels during the time
of peak NDVI. This is also the case for this dataset.

Several methods for extracting phenophases from NDVI time-series exist [23]. This
study used a NDVI threshold method to detect and map the onset of growth. In high Arctic
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areas with snow cover for most of the year and a long period with polar night, methods
with the use of the NDVI data only for the snow-free period were shown to be the most
accurate [7]. This study showed that the method performs well for all vegetation types
studied except the moss tundra.

The NDVI time-series could be improved by including atmospheric correction (from
top-of-atmosphere to bottom-of-atmosphere) dealing with the low solar elevation in the
study area [26]. Further, NDVI is sensitive to changes in the solar angle, and correcting
the dataset with a bidirectional reflectance distribution function (BRDF) would give more
accurate NDVI values. However, by including atmospheric correction and BRDF correc-
tionwould only to some degree influence the NDVI trend [37], but the threshold value for
estimating the onset of growth then must be adjusted.

The extraction of phenophases from phenocam images on tripods works well in most
cases. A few of the cameras fell down during the season, probably kicked down by reindeer.
The exact interpretation of the phenocam photos of unfolded leaves on the shrubs Salix
polaris was difficult due to its small size. However, due to the rapid growth in spring,
the period from first leaf development to full-size leaf is often less than two weeks, and
by comparing images between the years, to ensure equal interpretation, we believe the
inaccuracy in the timing of the phenophase BBCH code 15 [25] used in this study is less
than 4 days, and this is in accordance with Anderson et al. [10], who showed a very rapid
and similar development for Salix polaris in 2016 using both phenocams and Decagon NDVI
sensors (8-20 June). Moreover, visual observations in the field in Adventdalen in 2015 at
60 permanent plots gave dates of green-up within a similar timeframe [14], supporting the
findings presented here.

We had two phenocams situated in a moss tundra, with only scattered occurrences
of vascular plants. These few vascular plants contribute insignificantly to the NDVI
values, and we found large bias between the S2 NDVI-based onset of growth and the
phenophase BBCH code 15 observed in field on vascular plant. This is an indication that
the moss tundra does not directly follow the phenophases of the vascular plants, and here,
Anderson et al. [10] showed that the moss tundra had a later greening than vegetation
types dominated or characterized by vascular plants such as Salix polaris, Dryas octopetala,
Cassiope tetragona and Luzula spp. Hence, the separate definition of growth season stages
should be defined for the moss tundra, and is an important theme for a future study.

Large differences between years in the date of onset of growth were found using both
satellite and phenocam methods. It is not within the remit of the data presented in this
paper to explain the annual differences, but it is highly likely that the date of snowmelt and
the cumulative temperatures experienced by the plants play an important role in this [14].

5. Conclusions

1.  In Svalbard, cloud, fog, and haze, in combination with a low sun elevation angle
during the short growing season, hinders the acquisition of time-series of ground
reflectance data. Cloud detection is hence the most crucial step during the pre-
processing of time-series of optical satellite images from such areas.

2. Cloud detection algorithms in S2 data have proven to perform poorly in sparsely
vegetated areas (bright surfaces) which are widespread in the study area, and when
thin semi-transparent clouds or cloud shadows are present. Thus, additional visual
inspection of the visible and SWIR bands was applied to mask-out cloud-free data
and ensure as few errors as possible.

3. Normalized Difference Vegetation Index (NDVI) values were calculated for the cloud-
free pixels, and interpolated to daily data. A close to complete time-series of daily
cloud-free S2 NDVI data could be processed for the 2019 season. For the other years
studied (2016-2018) there are several gaps in the time-series. The removal of these
pixels resulted in spatial gaps in the onset of growth map.

4. Ground based time-lapse cameras (phenocams) were used within seven vegetation
types, and the date of a precisely defined phenophase “onset of growth” with an
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accurate botanical definition (BBCH code 15) was extracted from the phenocam
images.

5. By applying an NDVI threshold method on the clear-sky time-series of S2 data, the
mapping of “onset of growth”, shows a significant correlation (r*> = 0.47, n = 38,
p < 0.0001) with timing of onset of growth as defined from the phenocam images.

6. However, in moss tundra where vascular plants play an insignificant role for the
NDVI value, this correlation showed large bias; hence, a separate definition of growth
season stages should be defined for the moss tundra.

7. The S2 NDVI-based mapping of onset of growth reveals large differences between
the years. In 2018, the onset of growth was more than 10 days earlier compared with
2017, except at higher altitudes. The data presented in this paper are not sufficient to
explain these differences, but a future study will examine the relationship between
the timing of snowmelt and early growing season temperature.
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Abstract: Glacier surface facies are valuable indicators of changes experienced by a glacial system.
The interplay of accumulation and ablation facies, followed by intermixing with dust and debris,
as well as the local climate, all induce observable and mappable changes on the supraglacial ter-
rain. In the absence or lag of continuous field monitoring, remote sensing observations become
vital for maintaining a constant supply of measurable data. However, remote satellite observations
suffer from atmospheric effects, resolution disparity, and use of a multitude of mapping methods.
Efficient image-processing routines are, hence, necessary to prepare and test the derivable data
for mapping applications. The existing literature provides an application-centric view for selec-
tion of image processing schemes. This can create confusion, as it is not clear which method of
atmospheric correction would be ideal for retrieving facies spectral reflectance, nor are the effects
of pansharpening examined on facies. Moreover, with a variety of supervised classifiers and tar-
get detection methods now available, it is prudent to test the impact of variations in processing
schemes on the resultant thematic classifications. In this context, the current study set its experi-
mental goals. Using very-high-resolution (VHR) WorldView-2 data, we aimed to test the effects of
three common atmospheric correction methods, viz. Dark Object Subtraction (DOS), Quick Atmo-
spheric Correction (QUAC), and Fast Line-of-Sight Atmospheric Analysis of Hypercubes (FLAASH);
and two pansharpening methods, viz. Gram-Schmidt (GS) and Hyperspherical Color Sharpening
(HCS), on thematic classification of facies using 12 supervised classifiers. The conventional classi-
fiers included: Mahalanobis Distance (MHD), Maximum Likelihood (MXL), Minimum Distance to
Mean (MD), Spectral Angle Mapper (SAM), and Winner Takes All (WTA). The advanced/target
detection classifiers consisted of: Adaptive Coherence Estimator (ACE), Constrained Energy Mini-
mization (CEM), Matched Filtering (MF), Mixture-Tuned Matched Filtering (MTMF), Mixture-Tuned
Target-Constrained Interference-Minimized Filter (MTTCIMEF), Orthogonal Space Projection (OSP),
and Target-Constrained Interference-Minimized Filter (TCIMF). This experiment was performed on
glaciers at two test sites, Ny-Alesund, Svalbard, Norway; and Chandra-Bhaga basin, Himalaya, India.
The overall performance suggested that the FLAASH correction delivered realistic reflectance spectra,
while DOS delivered the least realistic. Spectra derived from HCS sharpened subsets seemed to match
the average reflectance trends, whereas GS reduced the overall reflectance. WTA classification of the
DOS subsets achieved the highest overall accuracy (0.81). MTTCIMEF classification of the FLAASH
subsets yielded the lowest overall accuracy of 0.01. However, FLAASH consistently provided better
performance (less variable and generally accurate) than DOS and QUAC, making it the more reliable
and hence recommended algorithm. While HCS-pansharpened classification achieved a lower error
rate (0.71) in comparison to GS pansharpening (0.76), neither significantly improved accuracy nor
efficiency. The Ny-Alesund glacier facies were best classified using MXL (error rate = 0.49) and WTA
classifiers (error rate = 0.53), whereas the Himalayan glacier facies were best classified using MD
(error rate = 0.61) and WTA (error rate = 0.45). The final comparative analysis of classifiers based
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on the total error rate across all atmospheric corrections and pansharpening methods yielded the
following reliability order: MXL > WTA > MHD > ACE > MD > CEM = MF > SAM > MTMF = TCIMF
> OSP > MTTCIME. The findings of the current study suggested that for VHR visible near-infrared
(VNIR) mapping of facies, FLAASH was the best atmospheric correction, while MXL may deliver
reliable thematic classification. Moreover, an extensive account of the varying exertions of each
processing scheme is discussed, and could be transferable when compared against other VHR VNIR
mapping methods.

Keywords: glacier facies; atmospheric correction; pansharpening; World View-2; Ny-Alesund; Chandra—
Bhaga basin; target detection; supervised classification

1. Introduction

Remotely sensed observations of glaciers are an efficient means of monitoring the
overall changes occurring in the cryosphere. Partly or fully inaccessible glacial regions
have greatly benefitted from temporal and resolution advancements in remote sensing
(RS) technology. Multispectral observations of glaciers have led to the development of a
range of methods for mapping glacier extents [1,2], deriving albedo [3,4], monitoring of
the equilibrium line altitude (ELA) [5,6], surface temperature [7,8], and identification of
glacier zones [9,10]. Zones of a glacier refer to the distinct variations of snow and ice found
on a glacier’s surface, occurring due to the natural accumulation, melt, refreezing, and flow
of precipitated snow. These zones are also called facies. Different facies exhibit different
reflectance characteristics, which can be monitored using multispectral sensors [11,12],
SAR sensors [13,14], and radiometric observations [15,16], and are visually discernible
in very-high-resolution (VHR) data [17]. Hence, mapping facies is usually tasked on a
variety of RS products. Reflectance-based RS products are extremely versatile and can
be incorporated into calibrating distributed mass balance models [18], spectral libraries,
development of indices, and testing of methodologies, and can be compared band by band
against existing literature [17]. Prior to identifying facies on a VHR multispectral image, a
methodical preprocessing protocol of the image is of paramount importance to minimize
signal errors and extract maximum information. Processes such as deriving reflectance
and enhancing spatial resolution are necessary when looking for details such as sporadic
distribution of snow. The current study aimed to map facies on glaciers of two distinct
cryosphere zones while determining the best methods of pre-processing and band selection
using VHR data. The following literature review presents an account of glacier facies, data
preparation, and mapping methods to ascertain the objectives of this study.

1.1. Glacier Facies

First documented by Benson [19], the concept of glacier facies was thoroughly de-
scribed by Pope and Rees [10]. Concisely stated, glaciological facies are the variations of
snow and ice in the accumulation and ablation zones that stretch within the body of the
glacier and can differ across seasons and years. However, the range of facies available on a
glacier is most efficiently observed at the end of the ablation season. Surface observations of
facies often are the intermix of supraglacial debris, particulate matter, crevasses, and melt-
water streams, which represent the individual zones. Therefore, Jawak et al. [17] used the
term “surface glacier facies”, derived from the surface classes used by Pope and Rees [10].
Glacier facies mapped through Synthetic Aperture Radar (SAR) data are often called radar
zones [20] or radar facies [21]. Barzycka et al. [13] derived the changes of glacier facies
on Hornsund glaciers in Svalbard using unsupervised classification of multisensor SAR
data and compared it with ground-penetrating radar (GPR) observations and excavated ice
cores. Like Barzycka et al. [22], they advocated the use of the Internal Reflection Energy
(IRE) derived from GPR data for validation of SAR mapping and validation of facies extents.
Mapping facies using SAR is usually conducted for identifying snowlines, firn lines, or the
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equilibrium line altitude (ELA), and/or monitoring glacier extents predominantly during
winter months or early spring. However, the full range of ablation facies do not appear on
the surface of the glacier until the end of summer, when the temporary snow cover is at its
minimum. Cloud-free optical remote sensing, on the other hand, relies on ablation/summer
season data to obtain maximum information of the available range of facies.

1.2. Multispectral Mapping of Glacier Facies

Supraglacial terrain classification usually falls into three broad categories: 1. debris
and their associated phenomena; 2. identification of generalized facies; and 3. sensor-
specific responses and methodologies for mapping facies. A large volume of literature is
devoted to mapping glacial debris and understanding its associated complexities [8,23-28].
Usually, debris mapping entails usage of shortwave infrared (SWIR), and thermal infrared
(TIR) bands in addition to the visible NIR (VNIR) range of optical data [29]. Elevation data
is also necessary to adjust for topographic influence on retrieved debris characteristics [25].
However, Jawak et al. [17] mapped ice mixed debris and debris facies using only the VNIR
range of the spectrum. Yousuf et al. [15] described the distinctions between studies in
which mapping glacier facies was the main aim and studies in which facies were mapped
due to a different primary objective such as outlining glacial extents. We focused on studies
wherein mapping facies was the primary objective. After Dozier [30] highlighted the
utility of Landsat TM for obtaining reflectance characteristics of snow, Hall et al. [31] and
Williams et al. [12] used Landsat TM band ratios to distinguish between the reflectance
of glacier facies and the terrain. Several TM band ratios were used to identify bare ice,
debris-covered ice, slush, two facies of snow, and shadows in supervised and unsupervised
classification schemes [32]. Summer facies derived by an ISODATA algorithm by Braun
et al. [18] using TM and ETM+ bands were employed to validate distributed mass balance
modelling. The potentials of band ratios of Landsat 8 (operational land imager) OLI, and a
thermal infrared sensor (TIRS) were tested for mapping clean glacier ice, dirty glacier ice,
slush zone, snow, and supraglacial debris [9]. Using pansharpened and atmospherically
corrected imagery, the authors were also able to map crevasses, and observed a reduction
in the derived at-satellite brightness temperature. However, Jawak et al. [17,33], who used
2 m resolution WorldView-2 (WV-2) data, were able to map crevasses using customized
indices in the VNIR range. Their study focused on comparing pixel- and object-based
methods of mapping facies using VHR data. Ali et al. [34] mapped spatiotemporal variation
in facies in the Indian Himalayas using a range of optical sensors by creating ancillary
layers using band ratios, elevation, and thermal data. Similar multisensor image and
ancillary layer-based methods were tested by Shukla and Ali [35] and Yousuf et al. [15,36].
Pope and Rees [10] used Airborne Thematic Mapper (ATM) imagery, in situ spectral
reflectance, and Landsat ETM+ imagery over Midtre Lovénbreen to map the facies using
linear combinations of principal components derived from the spectral signatures. They
highlighted the importance of sensor-specific indices, particularly in the VNIR range, for the
most efficient surface classification of facies. Paul et al. [11] mapped facies using Sentinel 2A
imagery and compared the results against Landsat 8. Their results suggested that a higher
resolution would yield a higher-quality product. Optical remote sensing of glacier facies is
dependent on sensor and scene characteristics, resolution of data, mapping technique, and
ancillary information. Finer resolution scenes and processing parameters will invariably
lead to better-quality facies products.

1.3. Pansharpening

Visual identification of glacier facies requires fine spatial resolution for observing
textural differences and geometric characteristics, and good spectral resolution for as-
sociating the textural and tonal changes with reflectance characteristics of target facies.
Pansharpening, the process of fusing panchromatic (PAN) and multispectral (MS) images,
retains the spectral diversity of MS data while integrating the spatial sharpness of PAN
data [37]. In addition to being a common image manipulation method prior to information
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extraction, enhancing spatial resolution is of paramount importance when the features are
relatively small, or the terrain is homogenous. Xu et al. [38] compared pansharpened and
non-pansharpened soil spectral indices on images from WV-2, Landsat 8, and GeoEye-1 to
create soil mineral indices. After testing the Brovey, Gram-Schmidt (GS), and IHS methods,
they inferred that the GS method was better at identifying structural and textural details.
A recent review [39] suggested that the GS pansharpening method was the most optimal
choice among the available methods. In glacial areas, the GS method delivered higher
accuracies for Jawak and Luis [40], who tested it against other pansharpening methods by
developing land cover mapping indices using WV-2 imagery. GS-sharpened imagery has
also enabled minute-scale vegetation mapping in Antarctica [41]. Jawak et al. [17,33] identi-
fied glacier facies in the Himalayas using GS-sharpened WV-2 data by devising customized
spectral index ratios. Although the GS method has proven to be a reliable method of
pansharpening high-resolution images, Hyperspherical Color Space (HCS) sharpening was
developed by Padwick et al. [42] specifically for WV-2 imagery. Their tests revealed that the
HCS method retained high spectral and spatial performance against the GS, IHS, and PCA
methods [42]. Wyzcalek and Wyzcalek [43] tested the efficacy of PCA against weighted
HCS pansharpening in an object-oriented domain using NDVI thresholds to classify the
segmented objects. Their results suggested that that the weighted HCS performed better
than the PCA. However, other studies that compared HCS against other pansharpening
methods suggested that it yielded quantitatively inferior results to methods such as Fuse
Go and Ehlers, which retained better spatial and spectral details [44]. Snehamani et al. [45]
compared 27 pansharpening algorithms, including the HCS, using QuickBird and WV-3
images captured over urban settings. Their findings suggested that the selection of pan-
sharpening methods must be sensor- and scene-specific. This agreed with the observations
of Nikolakopoulos and Oikonomidis [46]. Rayegani et al. [47] also arrived at the same
conclusion while noting that the HCS method could induce some pepper noise effect,
but it closely retained the histogram of the original image. It is worth noting that Wu
et al. [48] proposed an enhanced HCS to correct some of the spatial distortion produced
in the sharpened imagery. However, the effects of the HCS sharpening were not tested
over glacierized landscapes, whereas the GS method was proven to be effective in the same
settings. Furthermore, the effects of these methods on identifying glacier facies have not
yet been observed.

1.4. Atmospheric Correction

Conversion of digital brightness numbers to at sensor radiance and subsequently
to surface/apparent surface reflectance is an important image preprocessing step in any
reflectance-based feature identification protocol. Atmospheric correction aims to resolve
the influence of scattering and absorption by atmospheric molecules and aerosols occur-
ring in the Field-of-View (FOV) of the acquiring sensor. Several atmospheric correction
models have been developed through empirical statistical methods and atmosphere ra-
diative transfer codes [49]. Some of the most popular atmospheric correction models
are Dark Object Subtraction (DOS), the Quick Atmospheric Correction (QUAC), and the
Fast-Line-of-Sight Atmospheric Analysis of Spectral Hypercubes (FLAASH). DOS rectifies
the additive scattering effect [50], QUAC corrects the multiplicative scattering effect [51],
and FLAASH [52] is based on the moderate-resolution atmospheric transmission 4 (MOD-
TRAN4) radiative transfer code [53]. Marcello et al. [54] compared the performance of
DOS, QUAC, FLAASH, Atmospheric Correction (ATCOR), and Second Simulation of a
Satellite Signal in the Solar Spectrum (6S) models to retrieve vegetation and soil sites in
semiarid areas. Their analysis was performed on WV-2 imagery and compared to in situ
spectral signatures. They recommended the 65 model for information extraction using
vegetation indices. However, except for the blue band, all the atmospherically corrected
signatures and in-situ signatures closely matched. Shi et al. [55] observed that the FLAASH
corrected reflectance was closest to in situ reflectance when compared to DOS, and QUAC
for hyperspectral data over bloom water. This opposed the findings made by Dewi and
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Trisakti [56], who found that the FLAASH algorithm delivered inferior soil spectral patterns
in comparison to DOS and QUAC. However, when assessed by factoring location and time
consistency, they observed that FLAASH had the highest absolute value over DOS and
QUAC. A comparative study between ATCOR, FLAASH, and DOS1 [57] for geological
mapping in arid and semiarid environments using Landsat 8 data suggested that DOS1
provided a simpler alternative to the other two methods. While the FLAASH algorithm
performed slightly better than DOSI, they maintained that usage of DOS1 delivered good
performance in complex semiarid regions. Cryosphere studies have adopted all the above
methods for retrieving surface reflectance. For example, Guo et al. [58] used FLAASH
to retrieve albedo for mapping the spatiotemporal variability of the snow line altitude at
the end of the melt season across High Mountain Asia (HMA) glaciers. Albert [59] used
DOS to correct atmospheric scattering for ice area classification of an ice cap using Landsat
TM 5 imagery. Karimi et al. [8] mapped debris-covered glaciers in Iran using QUAC-
corrected satellite data. Jawak et al. [17,33] identified glacier facies in the Chandra basin
using FLAASH-rectified WV-2 imagery. Luis and Singh [60] attempted to map facies on
the Edithbreen glacier in Svalbard using FLAASH-corrected WV-3 data. All the reviewed
literature on atmospheric correction invariably pointed toward selection of a method based
solely upon the unique requirements of that study [61]. As the effects of DOS, FLAASH,
and QUAC are yet to be observed for mapping of glacier facies in one comprehensive study,
it would be premature to suggest one optimal method.

1.5. Research Motivation and Aim

SAR data operates mainly for winter assessment of glacier facies (Section 1.1). This
is beneficial for accumulation-area estimations and winter facies of glaciers when the
snowpack is mostly frozen, and SAR can penetrate well. However, seasonality of facies
relies on summer season data. Summer facies on a glacier imply that most of the abla-
tion zone would be wet. The varying degrees of wetness, thickness, and debris would
determine the kinds of surface facies visible. Gore et al. [62] stated that these variable
and altitudinal properties of melt exposed the full range of supraglacial features. Thakur
et al. [63] suggested that the low penetrating depth of SAR into wet snow was a limiting
factor [64,65]. Melt-induced reduction in reflectance [66] would, however, be identifiable
in the multispectral bands of optical satellite data. Therefore, utilizing cloud-free optical
remote sensing data during summer would greatly complement ongoing SAR efforts and
provide reflectance-based products, such as spectral profiles and thematic outputs for
further testing. While moderate-resolution mapping of supraglacial features using optical
data is conducted at a basin-level [28], high-resolution (HR) data is mainly used for facies
mapping on selected glaciers [9,11], with VHR data being used for validation purposes [67].
Efforts made by Luis and Singh [60] using VHR WV-3 data were only for a single glacier.
Jawak et al. [17] used VHR WV-2 data, but only for selected glaciers of the same area.
Hence, multiregion testing of VHR optical data for mapping glacier facies has not yet been
comprehensively performed.

Moreover, optical data necessitates image-rectification procedures such as atmospheric
correction (Section 1.4) and pansharpening (Section 1.3). The effect of different atmospheric
corrections on resultant reflectance spectra was tested for other applications such as soil
and vegetation mapping [54,56], bloom water hyperspectral retrieval [55], and geological
mapping [57]. Cryosphere studies have relied on single atmospheric corrections before pro-
ceeding to extract albedo [58], classifying ice area [59], mapping debris-covered glaciers [8],
monitoring seasonal variations [68], and characterizing glacier facies [15]. This suggested
that a comparative assessment of the effects of different atmospheric corrections on resul-
tant reflectance spectra of glacier facies and their subsequent classification has not been
conducted. Lee and Yum [61] reviewed research-based usage of different atmospheric cor-
rections and recommended selection of any correction method by evaluating requirements
of the study. However, the evaluation for selecting a correction method for glacier facies
mapping using VHR data itself has not yet been conducted.
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Pansharpening supports better visual characterization of glacial features. This effect
can be beneficial when mapping glacial extents and boundaries when coupled with relevant
DEMs [9]. Xu et al. [38] observed that the GS pansharpening method was better suited to
derive structural and textural details in an ensemble analysis of VHR and MR resolution
images when applying soil indices. The same method yielded better results among a
comparative study that mapped land cover in polar regions using WV-2 VHR data [40].
However, the HCS method [42] was shown to deliver superior results on segmented objects
ratioed using NDVI [43]. Snehamani et al. [45] and Nikolakopoulos and Oikonomidis [46]
concluded that pansharpening must be application- and image-oriented. To the best of
the authors” knowledge, a testing of the effects of pansharpening on the identification and
mapping of glacier facies has not been carried out. While Jawak and Luis [17] and Luis and
Singh [60] both used GS to sharpen WV-2 MS data, neither evaluated the effects of HCS,
which was developed for WV-2 itself [42]. This study presents an efficient test for comparing
the GS, which is purportedly the most suited method for land cover classification (GS) [39]
against the HCS when using WV-2 imagery.

Based on the literature described, it was evident that there are research gaps in the
schemes of image-processing routines for multispectral mapping of glacier facies. The gaps
are summarized as follows: (a) optical VHR data has not been comprehensively tested on
multiregion glaciers for mapping facies; (b) the effects of atmospheric correction are yet to
be observed on the spectral and thematic results of mapped facies; and (c) the compounding
effects of pansharpening on characterizing glacier facies has not been clearly studied. In
addition to these, an exhaustive test of conventional and advanced pixel-based classification
methods would aid in identifying which algorithms are the most efficient for mapping
facies. A thorough evaluation of the effects of atmospheric correction, pansharpening, and
various pixel-based classification algorithms on thematic outputs of glacier facies would
result in robust recommendations for their operational mapping using VHR multispectral
data. This summarizes the motivation for the current study. To accomplish this, the
following research aims were set: (1) effective characterization of glacier facies using
VHR multispectral data using pixel-based methods; (2) testing the effect of atmospheric
correction procedures on glacier facies mapping; and (3) testing the effect of pansharpening
methods on glacier facies mapping.

The current study evaluated the FLAASH, QUAC, and DOS atmospheric correction
algorithms, and found the FLAASH correction to deliver the best reflectance pattern. GS
and HCS pansharpening algorithms were tested, and the HCS was found to deliver the least
decrement in spectral reflectance. A total of 12 conventional and advanced classification
algorithms were employed to test the effects induced in thematic classification by variations
in atmospheric corrections and pansharpening. Among the tested methods, the maximum
likelihood classifier delivered the most consistent results across each atmospheric correction
and pansharpening method. Based on the results of the study, conventional classifiers were
more efficient and delivered higher accuracies in comparison to advanced classification
algorithms. The results were consistent across two distinct study areas, Ny-Alesund,
Svalbard; and Chandra-Bhaga basin, Himalayas, using VHR World View-2 imagery.

2. Study Area and Data Used
2.1. Spatial Extent of the Test Sites

2.1.1. Site A: Ny-Alesund, Svalbard

The Nordic archipelago of Svalbard is a pristine mass of glacial landscapes in the
Arctic Ocean between 75° and 82°N [69]. An interplay of different oceanic currents and
variation in atmospheric circulation causes this landscape to experience climates ranging
from continental to coastal, with further fluctuations between winter, spring, and summer
months [70]. Currently, this system is one of the most rapidly warming areas on the planet.
The rate of its increase in temperature is reportedly double the global average [71]. The
direct effect of this warming is visible on its glaciers in the form of glacier thinning [72],
recession of perennial snow cover to higher elevations [73], and near-surface densification
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of the accumulation zone [74]. Due to the aforementioned factors, the entire region is of
international scientific significance. The research base at Ny-;\lesund is an ode to this
significance, and is the primary hub for scientific endeavors in western Svalbard. The
glaciers near Ny-Alesund are polythermal in nature [75,76]. The glaciers selected for this
study included Vestre Broggerbreen (VB), Austre Lovénbreen (AL), Austre Broggerbreen
(AB), Midtre Lovénbreen (ML), Edithbreen (EB), Botnfjellbreen (BB), Pedersbreen (PB), and
Uvérsbreen (UB) (Figure 1). ML and AB are perhaps the most well documented of the
selected glaciers. One of the earliest accounts of ML is a photographed documentation
by Hamberg [77]. The Norwegian Polar Institute set up regular monitoring of mass
balance for glaciers AB and ML in 1966 and 1967, respectively [69,78]. Furthermore, glacier
surface facies were mapped on ML prior to this attempt by Pope and Rees [10,16], thereby
presenting a working knowledge basis for direct comparison. Luis and Singh [60] also
attempted to identify facies on the nearby Edithbreen glacier.

2.1.2. Site B: Chandra—-Bhaga Basin, Himalaya

Known as the “Water Tower of Asia” [79], the Himalayas are a mountain chain of extreme
cultural, sociological, economic, geopolitical, and strategic significance. Their cumulative
scientific importance is, hence, phenomenal. In response to changing climates, the Himalayan
cryosphere is receding, and has been observed to be losing frozen mass at an alarming rate [80].
The Indian Himalayas are well documented through both Survey of India (SOI) topographic
maps and remote observations [81]. The hostile mountain terrain, vast landscape, and harsh
weather conditions are often incumbent to field investigations, which result in certain pockets
of glacier basins being selected for continuous monitoring. The Chandra-Bhaga basin is one
such region. This basin is in the Lahaul and Spiti district of Himachal Pradesh, India. It lies
within the monsoon-arid transition zone, and was therefore an optimal choice for studying
glacial climatic response [82]. Himansh, the Indian Himalayan research base, is situated here
at an altitude of 4080 m above mean sea level [17]. The glaciers selected were Samudra Tapu
(ST), CB1, CB2, CB3, CB4, CB5, and CB6 (Figure 1). Samudra Tapu in the Chandra-Bhaga
basin is analogous to Midtre Lovénbreen in Ny-Alesund, as both are well monitored and
provided established results for comparison. Alphanumeric identifiers were assigned to
glaciers for which, to the best of our knowledge, no name has ever been assigned. Some of
the studies over ST consisted of snow cover change analysis over four decades [83], snowline
altitude changes for three decades [79], glacier facies mapping using VHR data [17,84], and
debris cover variation analysis [85,86].

Table 1 documents all the selected glaciers from Ny-Alesund and the Chandra-Bhaga
basin, their respective areal extents, and their Global Land Ice Measurements from Space
(GLIMS) reference ID [87].

2.2. Geospatial Data

The core datasets of this study were LV2A-processed images obtained from Digital
Globe, Inc., Westminster, CO, USA [88]. The Himalayan image was acquired on 16 October
2014 (imagery © 2014 Maxar). In the Chandra—Bhaga basin, that period is just after the
ablation season and the early onset of winter. It had a multispectral (MSL) resolution of
2 m and a panchromatic (PAN) resolution of 0.5 m. The Svalbard image was acquired on 10
August 2016 (imagery © 2016 Maxar). In Ny-Alesund, this is right at the end of the ablation
season. This arctic product had an at-nadir spatial resolution of 1.24 m, whereas the SWIR
bands and PAN band had resolutions of 3.7 m and 0.31 m, respectively. The datasets had a
radiometric resolution of 16 bits per pixel. The spectral resolution of WV-2 consisted of the
bands PAN (0.45-0.80 um), coastal (0.40-0.45 um), blue (0.45-0.51 pum), green (0.51-0.58 um),
yellow (0.585-0.625 um), red (0.63-0.69 pum), red edge (0.705-0.745 um), near-infrared 1
(NIR1) (0.770-0.895 um), and near-infrared 2 (NIR2) (0.86-1.04 pm). The projection and
datum of the Svalbard image were done with WGS 1984 UTM Zone 33N, whereas the
Himalayan image was projected with WGS 1984 UTM Zone 43N.
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Figure 1. Location of the test sites (upper section) and insets of the selected glaciers (lower section). The
satellite imagery used in the manuscript was obtained from Digital Globe, Inc., Westminster, CO, USA.
Chandra-Bhaga basin image: imagery © 2014 Maxar; Ny-Alesund image: imagery © 2016 Maxar.
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Table 1. The selected glaciers of the study, their areal extents, and GLIMS reference IDs. The areal
extents were calculated from the delineated shapefiles using the geometry calculator in ArcGIS.

Region Glacier Areal Extent in km? GLIMS Reference ID
Vestre Broggerbreen 2.89 GO011694E78906N
Austre Lovénbreen 4.64 G012161E78870N
Austre Broggerbreen 8.08 GO11895E78886N
Ny- Alesund Midtre Lovénbreen 4.75 GO012039E78878N
Svalbard Edithbreen 3.27 G012119E78852N
Botnfjellbreen 4.82 G012405E78843N
Pedersbreen 5.87 GO012286E78855N
Uvérsbreen 13.85 G012520E78787N
Samudra Tapu 76.00 G077426E32511N
CB1 27.70 G077376E32671N
Chandra-Bhaga basin CB2 12.44 G077368E32619N
Himalayas CB3 3743 G077369E32564N
CB4 12.05 G077421E32604N
CB5 24.93 G077485E32394N
CB6 16.65 G077438E32563N

Pansharpened scenes were draped on 30 m Advanced Spaceborne Thermal Emission
and Reflection Radiometer (ASTER) and Global Digital Elevation Model (GDEM) v2 [89] for
the Chandra-Bhaga basin, and 5 m Arctic DEM [90,91] for Ny—Alesund. The resultant 3D
view of the study areas presented reliable surfaces for digitization of glacial boundaries [9,17].

3. Data Processing Methodology
3.1. Experimental Setup

The review of literature suggested utilizing the VNIR range of VHR optical data to
exploit sensor-specific methods of mapping facies, specifically band ratioing. Comparison
of outputs between ratios is beneficial to outlining the role of each band in mapping
procedures. Based on the findings by Paul et al. [11] and Pope and Rees [16], it was
observed that higher spatial and spectral differences in VHR data could improve the
mapping outputs of glacier facies and deliver potentially superior results. Conventional
and advanced supervised pixel-based classifiers (PBC) methods have also been shown to
deliver good results in glaciological applications [17,59]. Finally, assessment of the effects of
atmospheric corrections and pansharpening on the spatial and spectral differences induced
by VNIR VHR data would thoroughly define an ideal processing protocol, as well as
mapping mechanism. Figure 2 outlines the broad experimental setup of the current study.

This study aimed to map facies for selected glaciers in Ny-Alesund, Svalbard; and the
Chandra-Bhaga basin, Indian Himalayas, using VNIR VHR WV-2 data. Three different
atmospheric corrections; viz., DOS, FLAASH, and QUAC, were used to derive reflectance,
followed by pansharpening using GS and HCS. Glacial extents were defined by delineating
3D raised images over ASTER GDEM v2 and Arctic DEM, respectively. The subsets
were then classified using conventional and advanced PBC methods, and the results were
assessed using error matrices and qualitative assessment against published literature. Thus,
the study used three atmospheric corrections, two pansharpening methods, and a host of
classification algorithms to test the effects of pansharpening, atmospheric corrections, and
classification algorithms on mapping glacier surface facies. Henceforth in the manuscript,
processing “levels” of datasets will be referred to as processing schemes to describe the stage
of processing. Table 2 displays each processing scheme and its associated nomenclature in
the study. This nomenclature will be used to refer to the datasets, the classification, and
respective workflows.
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Figure 2. Experimental set up of the study. TOA: Top of Atmosphere; PAN: Panchromatic; MSS:
Multispectral; DOS: Dark Object Subtraction; FLAASH: Fast-Line-of-Sight Atmospheric Analysis of
Spectral Hypercubes; QUAC: Quick Atmospheric Correction; GS: Gram-Schmidt; HCS: Hyperspheri-
cal Color Space; MHD: Mahalanobis Distance; MXL: Maximum Likelihood; MD: Minimum Distance;
SAM: Spectral Angle Mapper; WTA: Winner Takes All; ACE: Adaptive Coherence Estimator; CEM:
Constrained Energy Minimization; MF: Matched Filtering; MTMF: Mixture-Tuned Matched Filtering;
MTTCIMEF: Mixture-Tuned Target-Constrained Interference-Minimized Filter; OSP: Orthogonal Space
Projection; TCIMF: Target-Constrained Interference-Minimized Filter.
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Table 2. Nomenclature of processing schemes used in the current study. AC: Advanced Classifiers;

CC: Conventional Classifiers.

Nomenclature/Abbreviation

Description/Definition

DOS DOS-corrected
FLAASH FLAASH-corrected
QUAC QUAC-corrected
GS_DOS DOS followed by GS sharpening
GS_FLAASH FLAASH followed by GS sharpening
GS_QUAC QUAC followed by GS sharpening
HCS_DOS DOS followed by HCS sharpening
HCS_FLAASH FLAASH followed by HCS sharpening
HCS_QUAC QUAC followed by HCS sharpening
DOS_AcC/CC DOS followed by AC or CC classification
FLAASH_AC/CC FLAASH followed by AC or CC classification
QUAC_AcC/CC QUAC followed by AC or CC classification

GS_DOS_AcC/cC

DOS followed by GS followed by AC or
CC classification

GS_FLAASH_AC/CC

FLAASH followed by GS followed by AC or
CC classification

GS_QUAC_AC/CC

QUAC followed by GS followed by AC or
CC classification

HCS_DOS_AC/CC

DOS followed by HCS followed by AC or
CC classification

HCS_FLAASH_AC/CC

FLAASH followed by HCS followed by AC or
CC classification

HCS_QUAC_AC/CC

QUAC followed by HCS followed by AC or
CC classification

AC:
ACE/CEM/MF/MTMF/MTTCIMF/OSP/TCIMF

Individual processing schemes are followed by
the abbreviations for each advanced classifier

CC: MHD/MXL/MD/SAM/WTA

Individual processing schemes are followed by
the abbreviations for each
conventional classifier

3.2. Image Processing

3.2.1. Radiometric Calibration and Atmospheric Correction

Conversion of DN to reflectance is a dual-step procedure, which involves: (a) con-
verting digital number /brightness values to at-sensor spectral radiance; and (b) retrieving
apparent surface spectral reflectance from at-sensor spectral radiance through atmospheric
correction. The first step was carried out using the radiometric calibration module in Envi-
ronment for Visualizing Images (ENVI) 5.3. This study tested three atmospheric correction
models; each procedure is described as follows.

The FLAASH correction is a two-step process that requires: (1) retrieval of atmospheric
parameters such as aerosol description and the water column amount; and (2) using the
model atmosphere and aerosol description to convert radiance to reflectance using the
radiative transfer code [92]. The atmosphere model [93] and aerosol model [94] were
defined using the guidelines prescribed by Abreu and Anderson [95]. Other parameters
such as initial visibility and GMT were user-defined using the image metadata. Factors
including pixel size, aerosol height, CO2 mixing ratio, water column multiplier, zenith angle,
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sensor altitude, and scene center location were computed automatically upon definition of
the sensor type. Table 3 highlights the parameters used for the images of each study area.

Table 3. Input parameters for FLAASH atmospheric correction.

Parameter Chandra-Bhaga Basin Ny-Alesund Computation
Flight date 16 October 2014 10 August 2018 Imagery metadata

Scene center location Lat: 32.5324 Lat: 78.8816 Automatic
Long: 77.4175 Long: 12.0734 computation
GMT 5.6825 12.7456 User-defined

Sensor altitude (km) 770 770 Automat.lc
computation

View zenith angle 180.00 180.00 Automat.lc
(degrees) computation
Initial visibility (km) 40.00 40.00 User-defined

Atmospheric model 1 (Tropical) 4 (Subarctic Summer) User-defined [93]

Aerosol model 6 (Tropospheric) 4 (Maritime) User-defined [93]
Water c.oh.lmn 1.00 1.00 Automat.lc
multiplier computation
Pixel size (m) 2.00 0.90 Automatic
computation
Aerosol scale height 1.50 1.50 Automat‘m
computation
CO2 mixing ratio 390.00 390.00 Automatﬂlc
(ppm) computation

Unlike the FLAASH model, the QUAC correction is relatively straightforward. De-
scribed in [51] as an in-scene approach, it relies primarily on central wavelengths and the
first step of sensor calibration. Due to this, the procedure directly involves input of the
image into the QUAC module, which delivers the output scaled to a reflectance factor of
10,000 [92]. A simple band math correction brings the reflectance values into the range of
0-1. Like QUAC, the DOS correction is also an image-based corrective procedure. DOS is
based on the principle that contributions of atmospheric scattering cause upwelling of the
path radiance in dark pixels of an image in the concerned spectral [96]. Zhang et al. [97]
outlined the DOS equation while stating that a single dark value was used to determine
path radiance. For analyzing spectral signatures and subsequent classification, the imagery
must be converted to reflectance. Therefore, following Rumora et al. [98], TOA reflectance
was used an input to the DOS correction. Moreover, DOS correction in ENVI can incorpo-
rate user-defined dark pixel values. The procedure simply involves an operator-assisted
identification of a few dark pixels and calculation of the average reflectance of each of
the dark pixels. These average values can then be manually added into the DOS module
window in ENVI 5.3 for each spectral band. Table 4 displays the average user-defined dark
pixel reflectance values.

Table 4. Spectral-band-wise at-sensor reflectance values of selected dark pixels for input into DOS
correction module in ENVI 5.3.

Mean at-Sensor Reflectance of Selected Dark Pixels

Spectral Bands "
Ny-Alesund Chandra-Bhaga Basin

Coastal 0.09 0.17
Blue 0.06 0.14
Green 0.04 0.11
Yellow 0.03 0.09
Red 0.03 0.08

Red Edge 0.02 0.08
NIR1 0.01 0.06
NIR2 0.01 0.06
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3.2.2. Pansharpening and Digitization

Pansharpening was performed in this study to test the differences between the GS,
which is the most purported algorithm for retaining spectral information [40], and the
HCS, which was designed for WV-2 imagery [42] against non-pansharpened imagery.
GS estimates the panchromatic data based on the spectral response function of a given
sensor [99]. The procedure requires direct input of the images into the GS module in
ENVI. HCS sharpens MS imagery by replacing the intensity component of MS data in
the hyperspherical color space with the intensity-matched form of the PAN band [44].
The procedure requires input of the PAN and MS images into the HCS fusion module in
ERDAS IMAGINE.

Pandey and Venkatraman [79] experienced difficulties while manually digitizing
ice divides and the glacier terminus. Bhardwaj et al. [9] resolved this issue by gen-
erating a 3D perspective of the area to observe and delineate the glacial boundaries.
Jawak et al. [17] followed a similar approach, and highlighted the efficiency by which
ice divides can be observed using the same method. Therefore, the current study
followed suit by draping the GS-pansharpened imagery over the Arctic DEM for
Ny-Alesund and over the ASTER GDEM v?2 for the Chandra-Bhaga basin. The glacial
boundaries and ice divides were then digitized and extracted from the complete image
using ArcGIS.

3.3. Glacier Facies Mapping Using Advanced Image Processing
Pixel-Based Classification

A wide variety of pixel-based algorithms can be employed for information ex-
traction. Pope and Rees [10] used an unsupervised ISODATA algorithm to map facies.
However, their base image was acquired using an Airborne Thematic Mapper (ATM).
While this provided a good comparison against the Linear Combinations (LCs) of
their study, it cannot be directly applied to satellite data. Supervised algorithms,
on the other hand, have been used to map facies using satellite data [17,32,35,60,82]
with good accuracies. Moreover, this study intended to improve upon comparisons
between supervised classifiers [100] and test the effects of image-processing routines
on the classification outputs. Such a test acts on the mathematical and computational
differences between each classifier, a discussion that is beyond the scope of this paper.
Nevertheless, as end users of classification algorithms, it was necessary to identify
and evaluate their thematic performance. A comprehensive test of this scale would
necessitate assessment of conventional and advanced pixel-based classifiers. ENVI
offers both under its Terrain Categorization (TERCAT) and Target Detection (TD)
workflows. Selected algorithms comprised Mahalanobis Distance (MHD), Maximum
Likelihood (MXL), Minimum Distance (MD), Spectral Angle Mapper (SAM), Winner
Takes All (WTA), Adaptive Coherence Estimator (ACE), Constrained Energy Mini-
mization (CEM), Matched Filtering (MF), Mixture-Tuned Matched Filtering (MTMF),
Mixture-Tuned Target-Constrained Interference-Minimized Filter (MTTCIMF), Or-
thogonal Space Projection (OSP), and Target-Constrained Interference-Minimized
Filter (TCIMF). Table 5 describes each algorithm, the workflow under which they
were available in ENVI, and reference studies in which the algorithms were used for
information-extraction applications.
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Table 5. Pixel-based classifiers used in this study, their descriptions, and their reference applications.
Assessment: wherein different pixel-based methods are assessed for their comparative performance.
Descriptions of the classifiers were modified from [101].

Approach/Workflow Algorithm Description Reference Applications

. Landcover Mahmon et al.
Assumes equal class covariances [102]; Aerosol classification:
and assigns pixels to closest i{amill etal. [103]; '
Mahalanobis Distance (MHD) training samples based on Assessment: Dom.a ot al, [104];
direction sensitive highest Gao and Mas [105]; Gl.acier ’
probability. facies: Jawak et al. [17]

Assigns pixels according to highest [1351?%;‘;:;;111\:1??“500;?;1;1
probability based on an ’ ’ :

. [ . L [104]; Vegetation area: Gevana
Maximum Likelihood (MXL)  assumption of normal distribution et al. [106]; Glacier facies:

of the statistics for each training Shukla and Ali [35]; Jawak

sample in each band.

etal. [17]
Face Recognition:
Calculates the average of training ChandraBhensle and Raja
Conventional Classifiers samples and computes the [107]; Landcover: Mahmon
Minimum Distance (MD) Euclidean distance from each et al. [102]; Assessment:
unknown pixel to the average Doma et al. [104]; Crop area:
sample for each class. Ahmed et al. [108]; Glacier
facies: Jawak et al. [17]
Uses an 1 (spectral band Crop area: Ahmed et al. [108];
numbers)-D angle of spectral Canopy species identification:
similarity to assign pixel spectra Cho et al. [109]; Burnt area
Spectral Angle Mapper (SAM) to training samples with the mapping: Petropoulos et al.
smallest angle (hence, closest [110]; Glacier facies: Jawak
probable class). etal. [17]

Pattern recognition: Chen

A voting method that classifies etal. [111]; Polar land cover

Winner Takes All (WTA) p 1x?ls based on the majority mapping: Jawak and Luis [40];
compiled from all other methods . . .
. Multisource object extraction:
in the TERCAT workflow. L.
Mancini et al. [112]
Mineral mapping: Ni et al.
Derived from the generalized [113]; Shoreline mapping:
Adaptive Coherence likelihood ratio (GLR). It does not ~ Sukcharoenpong et al. [114];

Estimator (ACE) require knowledge of all target Tree crown classification: Zou

classes in an image. etal. [115]; Sonar systems:

Soules and Broadwater [116]

Classifies pixels through a

. . - Assessment: Ren et al. [117];
covariance matrix using a

Constrained Energy Du et al. [118]; Mineral

Minimization (CEM) constrained finite 1.mpulse-f1.1ter mapping: Pour et al. [119];
based on the provided training . -
les Glacier facies: Jawak et al. [17]
Advanced Classifiers samples.

Minimizes the unknown
background spectra according to
- the training sample through
Matched Filtering (MF) . . .
partial unmixing, assigning
classes based on mean pixel
spectra abundances.

Surface water pollution:
Gursoy and Atun [120];
Lithology: Harris et al. [121];
Gas plumes: Funk et al. [122];
Glacier facies: Jawak et al. [17]

Adds an infeasibility image to the Lithology: Mehr et al. [123];

Mixture-Tuned Matched results to reduce the number of gzsﬁré\};iiﬁzislzfg I?t?rftg]er
Filtering (MTMEF) false positives that may occur in P Lo
ME results. [124]; Mineral mapping:

Zadeh et al. [125]
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Table 5. Cont.

Approach/Workflow Algorithm Description Reference Applications
Matches pixels to training Assessment: Du et al. [118];
Orthogonal Space Projection samples by using an orthogonal ~ Face recognition: Singha et al.
(OSP) subspace projector to remove [126]; Glacier facies: Jawak
nontargets and then applying MFE. etal. [17]
Constrained to eliminate the Hyperspectral subpixel target
Target-Constrained response of nontargets rather than detection: Ren and Chang
Interference-Minimized Filter minimize their energy. It can [127]; Assessment: Du and
(TCIMEF) minimize interferences in Ren [128]; Flood area
classification. mapping: Millan et al. [129]
. Adds infeasibilty to TCIMF in Assessment: Seyedein et al.
Mixture-Tuned . e . .
N order to reduce misclassification [130]; Subpixel mineral
Target-Constrained . L. . o .
L . after using a minimum noise mapping: Kumar et al. [131];
Interference-Minimized Filter . . kS .
(MTTCIMF) fraction transformation to Oil spill spectral unmixing:
perform TCIMF Sidike et al. [132]

MHD, MXL, MD, and SAM are some of the most widely used and popular classi-
fiers [133]. WTA is an ensemble of the majority classification from MHD, MXL, MD, and
SAM. The CEM, MF, and OSP classifiers have been used for mapping glacier facies (Table 5).
However, the other AC algorithms have been tested in applications requiring minute spec-
tral differentiation (Table 5), and theoretically should be capable of discriminating between
closely matching spectra of surface facies. Therefore, a comparative assessment of the-
matic classification among the popular and advanced algorithms using different processing
schemes would lead to a greater understanding of their capabilities at identifying facies.

PBC is usually a two-step procedure requiring: (1) selection of training samples
(regions of interest); and (2) application of supervised algorithms. Training samples were
assigned based on visual and spectral analysis of the available facies. Polygonal regions
of interest (ROIs) were outlined for each facies to accommodate their spectral variations
(Supplementary Figure S1). Distribution of ROIs in percentage for the Chandra—Bhaga
basin were as follows: snow was assigned 42.12%, glacier ice was assigned 20.82%, ice
mixed debris was assigned 8.74%, and crevasses were assigned 9.10%; whereas shadowed
area and debris were assigned ROIs containing 12.04% and 7.18%, respectively. For ROIs
of the Ny-Alesund glaciers, snow was distributed at 3.42%, streams and crevasses at
4.19%, shadowed snow at 22.36%, saturated snow at 11.57%, melting snow at 7.42%,
melting glacier ice at 18.71%, and glacier ice at 20.23%; while dry snow and dirty ice were
distributed at 3.34% and 8.76%, respectively. The ME, MTTCIMF, and MTMF algorithms
required the imagery to undergo a minimum noise fraction (MNF) transformation prior to
classification. Algorithms that did not require this transformation were processed directly
after input of the image and ROIs into the respective workflows. Default parameters
were retained in the workflows, and postclassification processing was avoided to negate
unintentional analyst bias. Therefore, as performed by Jawak et al. [17], the stretch (square
root) and rule thresholds (0.4) were common for each facies, for all classifiers, and for all
the processing schemes.

3.4. Identification of Surface Facies

In this study, glacier surface facies were identified in Ny-Alesund and the Chandra—
Bhaga basin using visual and spectral characteristics. Jawak et al. [17] described the visual
identification of surface facies in the Chandra-Bhaga basin using the smoothness and higher
elevation of snow, rougher and flow-induced striated texture of ice, disheveled structure of
crevasses, and brightness variations between debris and ice mixed debris (IMD).

The same characterization was incorporated here to identify facies and derive spectral
signatures for the Himalayan glaciers. A similar logic of surficial appearance, texture, and
tonal variations, along with location on the glacier, was incorporated to identify surface
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facies on Ny-Alesund glaciers. Figure 3 highlights the visual characteristics of observable
surface facies on the ML glacier. The Chandra—-Bhaga basin image was obtained at the start
of early winter; hence, it showcased a large distribution of snow and glacier ice. However,
the Ny-Alesund image was obtained at the end of the ablation season, thereby showcasing
the full range of surface facies. Facies identified on Ny-Alesund glaciers consisted of dry
snow, wet snow, melting snow, saturated snow, glacier ice, melting glacier ice, dirty ice, and
streams and crevasses. Dry snow was characterized by its bright appearance at the highest
elevation of the glacier. Wet snow appeared next, having a reduced brightness due to an
increased moisture content than dry snow, but still maintaining an overall smoothness.
Melting snow had more visible tonal roughness than wet snow, whereas saturated snow
was much darker. This could be due to the high moisture and low integrity of the surface
cover. Glacier ice was distinguishable through flow-induced striations and was distinct
from melting glacier ice by its brighter appearance. Greater moisture and surface dust
were the next possible reasons for its visual characteristic. Streams and crevasses were
grouped together, as their individual characterization was difficult when much of the
glacier’s surface appeared crevassed due to flowing supraglacial stream channels. Dirty ice
was the darkest ablation facies characterizable, and functionally comprised more dust and
debris toward the end of the glacial tongue.

Dry Snow Wet Snow

Saturated Snow

Glacier Ice Melting Glacier Ice

Dirty Ice Streams and Crevasses

Sﬂt‘I'!(atud Snc

Shadowed Snow
Band Combination
I Red
[ Green
I Blue

Figure 3. Visual characteristics of identifiable glacier facies displayed on the ML glacier. Boxes on the
glacier highlight location of target facies. Zoomed and labelled insets display the visual characteristics
of each facies.
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Multispectral mapping of any earth feature entails utilization of spectral characteristics
of the target feature. This requires good operator/analyst knowledge when field data is not
available for reference. In this study, the spatial characteristics of facies were instrumental in
identifying target sites. However, it was the spectral signatures that ultimately determined
the separability of surface facies. As accuracies of spectral signatures rely upon the image-
processing schemes employed, the current study presents the derived reflectance of facies
identified on Ny-Alesund glaciers in Figure 4 and the reflectance of facies identified on
the Chandra—Bhaga basin glaciers in Figure 5. A detailed discussion of the variations in

spectral signatures using each processing scheme is provided in Section 4.1.
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Figure 4. Variations in spectral signatures of identified facies in Ny-Alesund for each processing
scheme. 1: Band 1/Coastal; 2: Band 2/Blue; 3: Band 3/Green; 4: Band 4/ Yellow; 5: Band 5/Red; 6:

Band 6/Red Edge; 7: Band 7/NIR 1; 8: Band 8/NIR 2.

151



Remote Sens. 2022, 14, 1414

Crevasses Glacier Ice Ice Mixed Debris
04 0.96 0.24
0.36 0.86 /-§/\/ .
032 076 |/ L
0.28 0.66 | 0.16
0.24 0.56 7 0.12
0.46 L
0z 036 | 0.08
0.16 ol )
012 0.26 | 0.04 ———
0.08 016 I R TR TR N | 0 L)
g 1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 §
c
g Shadowed Snow Debris
#: 0.14 0.14 L
& L
0.9 0.12 012 |
08 o1 o1 |
0.7 0.08
Ir 0.08 r
06 | o6 e 0.06 |
05 05 O~ o004
0.4 0.04 | 0.02
0.3 0.02 - = 0
o2 L 11 I J ol 1 1111 A Y T Y B
12 3 456 7 89 1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8
Spectral Bands
—— DOS —— GS_DOS ——— HCS_DOS
—— FLAASH GS_FLAASH —— HCS_FLAASH
— QUAC GS_QUAC — HCS_QUAC

Figure 5. Variations in spectral signatures of identified facies in Chandra—Bhaga basin for each
processing scheme. 1: Band 1/Coastal; 2: Band 2/Blue; 3: Band 3/Green; 4: Band 4/ Yellow; 5: Band
5/Red; 6: Band 6/Red Edge; 7: Band 7/NIR 1; 8: Band 8/NIR 2.

3.5. Thematic Accuracy Assessment

The acquired satellite data could not be corroborated with field data due to harsh field
conditions in the season of acquisition in the Himalayas and logistical difficulties in transit
to Svalbard. In order to overcome this, the study followed an equalized random-sampling
approach to assign reference points for analysis [134]. This approach provided every
thematic class with an equal number of reference points [135]. To accommodate spatially
limited facies, every class was allotted 10 reference points. Thus, for Ny-Alesund glaciers,
it resulted in 90 points per glacier, resulting in 720 pixels in total. For the Chandra-Bhaga
basin glaciers, it resulted in 420 pixels in total. Bias was avoided in determining reference
pixels by developing them independent of each other and by using polygons for ROIs
and points for reference data. Confusion matrices were generated to calculate measures
such as precision, recall, F1 score, overall accuracy (OA), error rate (ER), and specificity.
Maxwell and Warner [136] described each measure, and Supplementary Table S1 displays
the equations used to calculate precision, recall, F1 score, specificity and OA. ER was
defined simply as “1-OA”. The measures were computed for every facies over each glacier
individually, and were sequentially averaged to obtain mean values for each measure.

4. Results and Discussion
4.1. Spectral Signatures

The spectral characteristics of glacier surface facies are an account of snow ageing,
metamorphosis, dust and debris entrainment, atmospheric depositions and a historical
archive of glacial health, if monitored over long temporal scales. A change in reflectance
characteristics is not only significant for ascertaining the state of changing snow and
ice, but also for the understanding of possible causes for the visible change. This places
a large importance on the selection of atmospheric-correction algorithms for deriving
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reflectance, and subsequently, spectral signatures. Figure 4 highlights the changes in
spectral reflectance for each facies from Ny-;\lesund for each processing scheme. Figure 5
displays the variations induced by the respective processing schemes in derived spectral
reflectance for facies observed in the Chandra—Bhaga basin. Both figures display the average
reflectance for each facies. The reader is referred to Jawak et al. [17] for a detailed analysis
of the spectral signature of facies derived in the Chandra-Bhaga basin. As the FLAASH
atmospheric correction previously delivered the reflectance spectra most comparable with
previous works, the characterizing of facies in the present analysis of Ny-Alesund glaciers
was initially performed using reflectance delivered by the same. Cassachia et al. [137]
defined dry snow as not being subjected to melting or infiltration of water, and in principle it
should be limited to the highest elevations on the glacier. No presence of water implied that
facies with the highest reflectance would correspond to dry snow. Warren [138] described
snow reflectance as being influenced by grain size, thickness of snow pack, mixing of dust
and impurities, and moisture/liquid water content. Facies having a lower reflectance in the
NIR region, but higher than other facies, would directly correspond to snow having greater
moisture, and little to no surface impurities. Wet snow in this study was characterized by
similar features. Wet snow and melting snow had a higher reflectance than fully saturated
snow. The FLAASH-derived spectral signature of saturated snow closely matched that
observed by Hinkler et al. [139]. The reflectance curves of dirty ice and glacier ice observed
here were similar in trend to the curves depicted by Gao and Liu [140], who adapted
their method from Zeng et al. [141]. Melting glacier ice identified here corresponded to
that observed by Pope and Rees [10]. Table 6 displays bandwise-calculated variances
for atmospheric corrections, GS pansharpening, and HCS pansharpening, according to
maximum and minimum variance for each facies, averaged across all glaciers from the two
test sites. Among the Chandra—-Bhaga basin glaciers, snow class showed the maximum
variation (0.31) among the atmospheric correction methods, whereas debris class showed
the minimum variation (0.01). Snow and debris classes showed the same trend among the
GS-sharpening (max: 0.29, min: 0.01) and HCS-sharpening processing schemes (max: 0.31,
min: 0.01). For the Ny-Alesund glaciers, dry snow exhibited a maximum variation of 0.20,
while dirty ice showed a minimum variation of 0.00, for the atmospheric correction methods.
For the GS sharpening schemes, dirty ice showed the maximum variation at 0.6; whereas
the lowest variation was shown by shadowed snow at 0.01. The HCS sharpening schemes
showed a maximum variation of 0.20 for dry snow, and a common minimum of 0.00 for
shadowed snow and dirty ice. Section 4.3 discusses these variations in further detail.

Table 6. Maximum and minimum variations in spectral reflectance of facies derived from the average
spectral spectra from each processing scheme. Atmospheric corrections: calculated between DOS,
FLAASH, and QUAC; GS sharpening: calculated between GS_DOS, GS_FLAASH, and GS_QUAC;
HCS sharpening: calculated between HCS_DOS, HCS_FLAASH, and HCS_QUAC.

Variations in Spectral Reflectance

Test Site Facies Atmospheric Corrections GS Sharpening HCS Sharpening
Max. Min. Max. Min. Max. Min.
Dry snow B1 (0.20) B7 (0.06) B2 (0.17) B7 (0.07) B1 (0.20) B7 (0.07)
Wet snow B1(0.10) B7 (0.03) B4, B6 (0.11) 32(01'3079')39 B1 (0.10) B7 (0.03)
Melting snow B1(0.11) B7 (0.03) B6 (0.12) B7 (0.08) B1(0.11) B7 (0.04)
Ny-Alesund S“;;:‘*d B1 (0.06) B7 (0.01) B6 (0.11) B1 (0.06) B1 (0.05) B7 (0.01)
Shzﬂg“;e‘i B1 (0.06) B7 (0.01) B1, B2 (0.08) B4 (0.01) B1(0.05) B8 (0.00)
Glacier ice B1(0.11) B7 (0.02) B6 (0.11) B7, BS (0.08) B1(0.11) B7 (0.03)
Melting B1 (0.08) B7 (0.02) B6 (0.11) B1 (0.07) B1 (0.08) B7 (0.02)

glacier ice
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Table 6. Cont.

Variations in Spectral Reflectance

Test Site Facies Atmospheric Corrections GS Sharpening HCS Sharpening
Max. Min. Max. Min. Max. Min.

Dirty ice B1 (0.05) B7 (0.00) B1,B2,B4(0.6)  B7,BS (0.04) B1 (0.05) B7 (0.00)

Streams and B1 (0.07) B7, BS (0.01) B6 (0.11) B1 (0.06) B1(0.07) B7 (0.01)
crevasses

B2, B3, B5, B6, B6, B7, BS

Crevasses B8 (0.08) B1 (0.05) B1, B2 (0.06) 0.09) B2-B6, B8 (0.7) B1 (0.05)

Glacier ice B2 (0.27) B7, B8 (0.21) B2 (0.22) B7 (0.15) B1(0.27) BS (0.20)

Chandra-Bhaga I“;:;;’.l‘:d BS (0.07) B1(0.02) B6 (0.06) B1, B2 (0.03) B8 (0.04) B1(0.02)

basin

Shadowed

o B8 (0.05) B1 (0.01) B1 (0.04) B2-B8 (0.02) B8 (0.05) B1 (0.02)

Debris B8 (0.05) B1 (0.01) B2-B8 (0.02) B1 (0.01) B8 (0.16) B1-B7 (0.01)
Snow B2 (0.31) B8 (0.16) B2 (0.29) B7 (0.18) B2 (0.31) B8 (0.16)

4.2. Quantitative Analysis of Mapped Facies

This section analyzes classification results generated from the AC and CC workflows
as an average of all the processing schemes for areal distribution and accuracy. Results are
displayed for the glacier subsets ML and ST, and are presented according to the outputs for
each facies.

4.2.1. Area per Facies Produced by Each Classifier

Areas of facies for Ny-Alesund (reference glacier ML) and for the Chandra-Bhaga
basin (reference glacier ST) are provided in Tables 7 and 8.

Table 7. Classified area of each facies as an average of the results for all AC classification algorithms
for each processing scheme.

Facies ACE CEM MF MTMF MTTCIMF OSP TCIMF
Unclassified 0.04 0.10 0.03 0.18 0.05 0.03 0.20
Dry Snow 0.64 0.28 0.31 0.45 0.14 0.29 0.43
Wet Snow 0.46 0.45 0.47 0.68 0.47 0.53 0.63
Melting Snow 0.31 0.36 0.44 0.37 0.63 0.42 0.33
Ny-Alesund Saturated Snow 0.63 0.62 0.59 0.46 0.72 0.64 0.50
Shadowed Snow 0.70 0.78 0.65 0.81 0.69 0.50 0.76
Glacier Ice 0.38 0.37 0.44 0.32 0.42 0.60 0.29
Melting Glacier Ice 0.74 0.58 0.70 0.59 0.63 0.62 0.67
Dirty Ice 0.57 0.93 0.89 0.64 0.58 0.88 0.61
Streams and Crevasses 0.29 0.28 0.23 0.24 0.42 0.24 0.33
Unclassified 0.59 0.54 0.81 0.55 0.81 0.35 0.78
Crevasses 475 5.58 4.79 4.05 6.22 5.17 4.46
Glacier Ice 20.62 15.61 21.45 22.68 17.22 2213 22.55
Chandra-Bhaga basin Ice Mixed Debris 4.04 6.89 8.42 4.82 8.69 10.44 455
Shadowed Snow 8.44 6.98 1.93 8.20 3.09 3.97 8.27
Debris 8.25 6.23 8.76 7.81 10.77 8.35 7.59
Snow 29.30 34.17 29.84 27.88 29.21 25.59 27.81
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Table 8. Classified area of each facies as an average of the results for all CC classification algorithms
for each processing scheme.

Facies MHD MXL MD SAM WTA

Unclassified 0.00 0.00 0.00 0.76 0.02

Dry Snow 0.16 0.15 0.16 0.26 0.16

Wet Snow 0.43 0.32 0.50 0.49 0.38

Melting Snow 0.62 0.47 0.76 0.64 0.65

Ny- Alesund Saturated Snow 0.56 0.79 0.54 0.40 0.66
Shadowed Snow 0.69 0.74 0.88 0.65 0.79

Glacier Ice 0.50 0.62 0.35 0.45 0.54

Melting Glacier Ice 0.59 0.81 0.73 0.52 0.76

Dirty Ice 0.78 0.43 0.44 0.32 0.48

Streams and Crevasses 0.43 0.41 0.39 0.27 0.32

Unclassified 0.00 0.00 0.00 6.02 0.37

Crevasses 3.93 8.46 458 1.89 4.81

Glacier Ice 19.20 24.95 24.42 35.85 27.71

Cha“g::i_fhaga Ice Mixed Debris 284 239 172 0.57 184
Shadowed Snow 3.56 1.47 0.94 1.90 1.65

Debris 2.40 2.33 2.90 0.64 2.37

Snow 44.07 36.41 41.45 29.13 37.26

Among the AC classifiers, the largest unclassified area for ML was given by TCIMF
(0.20 km?), whereas OSP and MF produced the lowest unclassified area of 0.03 km?. Dry snow
was given the largest distribution by ACE (0.64 km?) and the lowest by MTTCIMF (0.14 km?).
Wet snow was classified with maximum areal distribution by MTMF (0.68 km?). The lowest
distribution was reported by CEM at 0.45 km?. Melting snow achieved maximum distribution
through MTTCIMF and the lowest through ACE at 0.63 km? and 0.31 km?, respectively.
MTTCIME dlassified saturated snow at 0.72 km?, whereas the lowest distribution of saturated
snow was produced by MTMF at 0.46 km?. The largest distribution of shadowed snow was
provided by MTMF at 0.81 km?, and the lowest was delivered by OSP at 0.50 km?. Glacier
ice was assigned the largest area by OSP at 0.60 km?, and the lowest at 0.29 km? by TCIME.
Melting glacier ice was given the largest area at 0.74 km? by ACE, and the lowest at 0.58 km?
by CEM. Dirty ice was distributed by CEM to a maximum of 0.93 km?, while ACE provided it
with the lowest at 0.57 km?. Streams and crevasses were assigned the most area by MTTCIMF
(0.42 km?), and the lowest by MF at 0.23 km?. Among the CC classifiers for ML, WTA assigned
0.02 km? to unclassified, 0.16 km? to dry snow, 0.38 km? to wet snow, and 0.65 km? to melting
snow. Saturated snow, shadowed snow, and glacier ice were assigned 0.66 km?, 0.79 km?, and
0.54 km?, respectively. Melting glacier ice, dirty ice, and streams and crevasses were assigned
0.76 km?2, 0.48 km?, and 0.32 km?, respectively.

For the reference glacier ST, among the AC methods, unclassified areas were provided
with the largest area (0.81 km?) by MTTCIMF and MF, and with the least area by OSP
(0.35 km?). Crevasses were mapped with the largest areal distribution at 6.22 km? by
MTTCIMF and the lowest at 4.05 km? by MTMF. Glacier ice was mapped at 22.68 km?
by MTMF and 15.61 km? by CEM. IMD was given the largest area at 10.44 by OSP km?,
and the lowest at 4.04 km? by ACE. Shadowed snow was mapped at 8.44 km? by ACE
and 1.93 km? by MFE. Debris cover was given a maximum areal extent of 10.77 km? by
MTTCIME, and a lowest at 6.23 km? by CEM. Snow was given the largest area at 34.17 km?
by CEM, and the lowest area for snow was given by OSP at 25.59 km?. Among the CC
classifiers for ST, WTA classified 37.26 km? as snow, 2.37 km? as debris, and 1.65 km? as
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shadowed snow. IMD, glacier ice, and crevasses were distributed as 1.84 km?2, 27.71 km?
and 4.81 km?, respectively. Unclassified area totaled 0.37 km?2. WTA was the ensemble
of all CC methods, therefore its areal distribution was cumulatively affected by the area
provided for each facies by the preceding CC algorithms.

4.2.2. Accuracy Achieved by Each Classifier

All measures of accuracy for all the classifiers are provided in Supplementary Sheet
S1. This section aims to analyze the classification results of the AC and CC classifiers, and
presents the F1 score as the harmonic mean of precision and recall [136] for each classifier
as an average of all the processing schemes. This was to utilize the F1 score as a measure of
reliability of the classification, independent of processing schemes.

(a) F1 score for classification in Ny—Alesund

Among the AC classifiers, dry snow was classified with a F1 score of 0.80 by ACE
and 0.19 by TCIMF, whereas CEM, MF, MTMF, MTTCIME, and OSP yielded an F1 score of
0.00. Similarly, wet snow was classified with an F1 score of 0.11 by ACE, 0.07 by TCIMEF,
and 0.00 by the other AC classifiers. Melting snow was classified with an F1 score of 0.36
by ACE, 0.18 by MTME, 0.05 by OSP, and 0.04 by TCIME. Saturated snow was mapped
by ACE with an F1 score of 0.40, 0.22 by CEM and MF, 0.19 by OSP, 0.17 by MTMF, 0.04
by TCIME, and 0.00 by TCIMF. Shadowed snow was classified with an F1 score of 0.00
by MTTCIME, 0.10 by TCIME, 0.20 by OSP, 0.21 by MTME, 0.80 by ACE, and 0.33 by both
CEM and MF. OSP and MTTCIMEF classified glacier ice with an F1 score of 0.00, while
TCIMF resulted in 0.04, MTMF in 0.15, and ACE in 0.51. CEM and MF each resulted in
an F1 score of 0.21. Melting glacier ice was classified with an F1 score of 0.37 by CEM
and MEF, 0.11 by MTMF and OSP, 0.29 by ACE, and 0.04 by TCIME. Dirty ice was mapped
with a F1 score of 0.00 by MTTCIMF. CEM and MF yielded scores of 0.46 each, while ACE
scored the highest with 0.54. OSP, TCIMF, and MTMF yielded scores of 0.13, 0.18, and 0.05,
respectively. Streams and crevasses each were mapped by CEM and MF with an F1 score
of 0.32, whereas ACE delivered an F1 score of 0.51, and MTMF delivered 0.07; MTTCIMEF,
OSP, and TCIMF delivered 0.00. Among the CC classifiers, MXL delivered a full F1 score of
1.00 for dry snow and shadowed snow, followed by 0.81 for streams and crevasses. Glacier
ice and dirty ice were mapped by MXL with F1 scores of 0.74 and 0.73, respectively. Wet
snow and melting snow were mapped with F1 scores of 0.69 and 0.68, respectively, by MXL.
Melting glacier ice and saturated snow were classified by MXL with output F1 scores of 0.57
and 0.53, respectively. MHD classified both dry snow and shadowed snow with an F1 score
of 0.93, while glacier ice achieved 0.72, dirty ice yielded 0.67, streams and crevasses resulted
in 0.58, and saturated snow and melting snow achieved 0.47 and 0.45, respectively. Melting
glacier ice and wet snow were classified with F1 scores of 0.39 and 0.33, respectively. MD
classified dry snow with an F1 score of 0.96, while shadowed snow was classified with a
score of 0.64. Melting snow and glacier ice scored 0.48 each. Dirty ice was mapped with
a result of 0.47; glacier ice, saturated snow, and wet snow were classified with scores of
0.35, 0.30, and 0.24, respectively. Streams and crevasses were given a classified F1 score of
0.13. SAM classified shadowed snow with an F1 score of 0.83 and dry snow with an F1
score of 0.75, whereas melting glacier ice achieved 0.54, followed by wet snow at 0.48 and
melting snow at 0.44. Glacier ice and saturated snow were classified with scores of 0.33
and 0.29, respectively; followed by dirty ice and streams and crevasses at 0.22 and 0.17,
respectively. The WTA classifier achieved an F1 score of 0.95 for dry snow and shadowed
snow, followed by streams and crevasses and glacier ice at 0.78 and 0.75, respectively. Dirty
ice and saturated snow were classified with scores of 0.69 and 0.53, respectively. Melting
snow and melting glacier ice achieved scores of 0.50 and 0.47 each. Lastly, wet snow was
classified with a score of 0.38. Reliability orders for each facies are presented according to
the classifiers. The reliability order for dry snow was: MXL > MD > WTA > MHD > ACE >
SAM > TCIMF > CEM = MF = MTMF = MTTCIMF = OSP. The reliability for wet snow was:
MXL > SAM > WTA > MHD > MD > ACE > TCIMF > CEM = MF = MTMF = MTTCIMF
= OSP. The reliability of melting snow was: MXL > WTA > MD > MHD > SAM > ACE >
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MTME > OSP > TCIMF > CEM = MF = MTTCIMF. Saturated snow presented the following
reliability order: MXL = WTA > MHD > ACE > MD > SAM > CEM = MF > OSP > MTMF
> TCIMF > MTMF. The reliability for shadowed snow was: MXL > WTA > MHD > SAM
> ACE > MD > CEM = MF > OSP > MTMF > TCIMF > MTTCIMF. Glacier ice presented
the following reliability order: WTA > MXL > MHD > ACE > MD > SAM > CEM = MF >
MTMEF > TCIMF > MTTCIMF = OSP. The reliability order for melting glacier ice was: MXL
>SAM > MD > WTA > MHD > CEM = MF > ACE > MTMF = OSP > TCIMF > MTTCIME.
Dirty ice presented the following reliability order: MXL > WTA > MHD > ACE > MD >
CEM = MF > SAM > TCIMF > OSP > MTMF > MTTCIME. The reliability order for streams
and crevasses was: MXL > WTA > MHD > ACE > CEM = MF > SAM > MD > MTMF >
MTTCIMF = OSP = TCIMFE.

(b) F1 score for classification in the Chandra-Bhaga basin

Among the AC classifiers, crevasses were mapped with an F1 score of 0.69 by ACE,
0.53 for both CEM and MF, 0.17 for both MTMF and OSP, 0.21 for TCIMF, and 0.07 for
MTTCIME. Glacier ice was classified by CEM and MF with a common F1 score of 0.83, ACE
delivered a score of 0.77, and MTMF scored 0.32. OSP and TCIMF delivered F1 scores of
0.21 each, whereas the lowest score was delivered by MTTCIMF (0.00). IMD was classified
by ACE with an F1 score of 0.40. CEM and MF resulted in scores of 0.30 each. TCIMF
resulted in a score of 0.21, whereas OSP produced a score of 0.19. MTMF delivered a score
of 0.10, and MTTCIMF produced a score of 0.02. Shadowed snow was mapped by ACE
with a score of 0.79, and TCIMF produced a score of 0.39. CEM, OSP, and MF delivered F1
scores of 0.34 each. MTMF and MTTCIMF delivered F1 scores of 0.33 and 0.00, respectively.
Debris was mapped with a common F1 score of 0.23 for CEM, MF, and TCIMF. OSP and
ACE provided scores of 0.22 and 0.16 each. MTMF and MTTCIMEF resulted in scores of 0.07
and 0.00, respectively. ACE, CEM, and MF produced a common F1 score of 0.67 for snow,
followed by MTMF with a score of 0.26. OSP and TCIMF mapped snow with a score of
0.23, whereas MTTCIMEF delivered 0.00. Among the CC classifiers, MXL mapped crevasses
with an F1 score of 0.80, MHD delivered a score of 0.79, whereas MD and SAM delivered
scores of 0.67 and 0.28, respectively. Glacier ice was mapped with the highest F1 score of
0.96 by MD, followed by MXL with a score of 0.92. SAM and MHD were mapped with
scores of 0.87 and 0.84, respectively. IMD was given the highest F1 score of 0.55, whereas
SAM resulted in the lowest score of 0.00. MXL and MHD mapped IMD with scores of 0.47
and 0.41 each. Shadowed snow was classified with high scores of 0.93 and 0.90 by MHD
and MXL, respectively; whereas MD and SAM were mapped with scores of 0.20 and 0.17,
respectively. Debris was classified by MD with a score of 0.62. SAM and MHD delivered
scores of 0.27 and 0.25, respectively; while MXL resulted in a score of 0.47. MD mapped
snow with a high F1 score of 0.98, followed by MXL with a score of 0.97, and MHD at 0.95.
SAM delivered a score of 0.77. WTA classified snow with an F1 score of 0.96, followed by
shadowed snow with an F1 score of 0.95. Crevasses were subsequently mapped with a
score of 0.89, followed by glacier ice at 0.88. IMD and debris were mapped with scores
of 0.44 and 0.61 each. The order for reliable classification of crevasses was: WTA > MXL
> MHD > ACE > MD > CEM = MF > SAM > TCIMF > MTMF = OSP > MTTCIME. The
reliability order for glacier ice was: MD > MXL > WTA > SAM > MHD > CEM = MF >
ACE > MTMF > OSP = TCIMF > MTTCIME. Ice mixed debris presented the following
reliability order: MD > MXL > WTA > MHD > ACE > CEM = MF > TCIMF > OSP > MTMF
> MTTCIMEF > SAM. The reliability order for shadowed snow was: WTA > MXL > MHD >
ACE > TCIMF > CEM = MF = OSP > MTMF > MD > SAM > MTTCIME. Debris presented
the following reliability order: MD > WTA > MXL > SAM > MHD > CEM = MF = TCIMF >
OSP > ACE > MTMF > MTTCIME. The reliability order for snow was: MD > MXL > WTA >
MHD > SAM > ACE = CEM = MF > MTMF > OSP = TCIMF > MTTCIME.

Table 9 gives an overall representation of classifier performance averaged over all the
processing schemes. Apart from the ACE classifier, all other classifiers showed a greater
error rate while classifying facies in Ny-Alesund in comparison to the Chandra-Bhaga
basin. The difference between them, however, was 0.01. The best-performing classifier was
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the MXL, while the worst was the MTTCIMF. The order of overall classifier performance
was thus: MXL > WTA > MHD > ACE > MD > CEM = MF > SAM > MTMF = TCIMF >
OSP > MTTCIME.

Table 9. Cumulative error rate independent of atmospheric corrections and pansharpening methods,
calculated by averaging all the error rates over all processing schemes for individual test sites. The
classifiers with the lowest error rate are emboldened and italicized.

Algorithm/Classifier Frror Rate -
Himalayas Ny-Alesund
ACE 0.60 0.59
CEM 0.65 0.75
MF 0.64 0.75
MTMF 0.78 0.82
MTTCIMF 0.82 0.91
osp 0.77 0.88
TCIMF 0.73 0.87
MHD 0.47 0.56
MXL 0.44 0.49
MD 0.61 0.68
SAM 0.78 0.69
WTA 0.45 0.53

4.2.3. Comparison between Atmospheric Correction Methods

Figure 6 displays the overall accuracy (OA) achieved by each of the classification
algorithms across the atmospheric corrections. An analysis of the trends of the OA revealed
a similar trend for all three atmospheric corrections. Averages and variances were calculated
for both study areas for DOS, FLAASH, and QUAC. Visual analysis of Figure 6 depicts
FLAASH as having the least total variance, with DOS and QUAC showing consistent
variances. MXL and WTA achieved the highest OA.

The DOS_MXL classification showed no variance across both study areas, FLAASH_MXL
classification achieved 0.01 variance, and the QUAC_MXL classification achieved a variance
of 0.03. WTA classification varied by 0.05, 0.03, and 0.06 for DOS_WTA, FLAASH_WTA,
and QUAC_WTA, respectively. DOS_MHD classification resulted in a variance of 0.07,
FLAASH_MHD resulted in 0.03, and QUAC_MHD resulted in 0.04. DOS_MD resulted in a
variation of 0.14, FLAASH_MD delivered a variance of 0.15, and QUAC_MD resulted in 0.04.
DOS_ACE produced a variance of 0.06, FLAASH_ACE resulted in 0.04, and FLAASH_QUAC
resulted in 0.10. DOS_SAM produced a classification variance of 0.03, FLAASH_SAM pro-
duced a variance of 0.03, and QUAC_SAM delivered 0.08. DOS_MTTCIMF delivered a
variance of 0.02, FLAASH_MTTCIMF produced 0.01, and QUAC_MTTCIMF resulted in
0.16. DOS_MTMEF classified with a resultant variance of 0.04, FLAASH_MTMF classified
with a variance of 0.02, and QUAC_MTMEF produced a variance of 0.07. DOS_CEM resulted
in a variance of 0.24, FLAASH_CEM produced a variance of 0.38, and QUAC_CEM deliv-
ered 0.07. DOS_MF classified facies with a variance of 0.24, followed by FLAASH_MF at
0.0land QUAC_MF at 0.01. DOS_OSP classified facies with a variance of 0.03, FLAASH_OSP
delivered 0.05, and QUAC_OSP produced 0.13. DOS_TCIMF produced a variance of 0.12,
FLAASH_TCIMEF delivered a variance of 0.00, and QUAC_TCIMF produced a variance of 0.09.
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Figure 6. Overall accuracy depicted as a line graph and calculated variances as error bars across all
classification algorithms for each atmospheric correction. Bottom-right inset table shows the values
of overall accuracy for each of the correction methods.

In summary, the classifier showing the most consistent performance across different
atmospheric corrections and test sites was the MXL, followed by WTA. The atmospheric
correction showing the least variation across the test sites was FLAASH. The highest OA was
achieved by DOS_WTA (0.81), whereas the lowest was achieved by FLAASH_MTTCIMF
(0.01). The order of reliability among the atmospheric corrections was: FLAASH > QUAC >
DOS. This reliability was based upon the total variance in the OA across all the classifiers and
both test sites. The reliability order of classifier performance averaged across both test sites for
each atmospheric correction (based on OA) was: DOS_WTA > QUAC_MXL > DOS_MXL >
FLAASH_MXL = FLAASH_WTA = QUAC_WTA > DOS_MHD > QUAC_MHD > DOS_MD
=FLAASH_MD > DOS_ACE > FLAASH_MHD > QUAC_ACE > DOS_CEM = DOS_MF >
QUAC_MD > FLAASH_ACE > DOS_SAM > FLAASH_CEM = FLAASH_MF = QUAC_SAM
> QUAC_CEM > FLAASH_SAM > QUAC_MF > DOS_OSP = QUAC_TCIMF > DOS_MTMF
= DOS_TCIMF > QUAC_OSP > FLAASH_MTMF > QUAC_MTTCIMF > FLAASH_OSP >
FLAASH_TCIMF > QUAC_MTMF > DOS_MTTCIMF > FLAASH_MTTCIME.

4.2.4. Effect of Pansharpening

Table 10 showcases the average error rate (both study areas) achieved by each classifier
for each processing scheme when not pansharpened, GS sharpened, and HCS sharp-
ened. The error rate was a suitable measure to highlight the changes in performance
for each scheme. An initial analysis of Table 10 presented a general trend of decrease
in classifier performance after pansharpening. GS_DOS_ACE showed an increase in er-
ror by 0.18 from DOS_ACE, whereas HCS_DOS_ACE increased by 0.28. The errors in
GS_DOS_CEM and GS_DOS_MF increased by 0.32, whereas HCS_DOS_CEM increased by
0.33 and HCS_DOS_MF by 0.34. GS_DOS_MTMEF showed a 0.00 increase in error, whereas
HCS_DOS_MTMEF increased by 0.06. MTTCIMF presents a case of decreasing error by 0.09
and 0.08 for the GS_DOS and HCS_DOS processing schemes, respectively. OSP classifi-
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cation had an increase in error of 0.17 for GS_DOS and 0.14 for HCS_DOS, respectively.
TCIMF performance decreased by 0.12 for GS_DOS and 0.08 for HCS_DOS subsets.

Table 10. Average performance of each classifier w.r.t. pansharpening using error rate as the
comparative measure. Values of the best-performing classifiers are emboldened and italicized.

Classifier DOS  FLAASH  QUAC GS HCS
DOS  FLAASH QUAC DOS FLAASH  QUAC

ACE 0.38 0.53 0.42 056 0.80 0.79 0.66 0.48 077
CEM 0.46 0.63 0.64 0.78 0.79 0.84 0.79 0.62 0.81
MF 0.46 0.63 0.64 0.78 0.79 0.84 0.80 0.52 0.81
MTMF 0.77 0.84 0.78 0.77 0.87 0.84 0.83 0.72 0.81
MTTCI-MF 0.99 0.99 1.00 0.90 0.89 0.88 091 0.64 0.59
OSP 071 0.88 0.81 0.88 0.85 0.84 0.85 0.72 0.88
TCIMF 077 0.88 076 0.89 0.80 0.87 0.85 054 0.88
MHD 0.30 0.40 0.34 0.42 0.75 0.81 0.66 0.48 052
MXL 022 0.28 0.21 0.25 0.75 077 0.49 0.78 0.45
MD 0.36 037 052 0.68 0.80 0.79 0.82 0.81 0.69
SAM 055 0.66 0.62 0.67 0.89 0.83 0.79 0.91 0.73
WTA 0.20 0.28 0.28 0.35 0.76 0.76 0.61 076 0.46

MHD classification resulted in an increase in error of 0.36 for HCS_DOS and 0.12
for GS_DOS. MXL classification showed an increase in error of 0.27 for HCS_DOS and
0.03 for GS_DOS. MD performance showed an increase in error of 0.46 for HCS_DOS and
0.32 for GS_DOS. SAM showed an increase in the resultant error by 0.24 for HCS_DOS
and 0.12 for GS_DOS.WTA classification increased in error by 0.41 for HCS_DOS and
0.15 for GS_DOS. For the FLAASH subsets, GS _FLAASH_ACE decreased in perfor-
mance by 0.27, whereas the HCS_FLAASH_ACE classification showed an increase in
performance by 0.05. HCS_FLAASH_CEM, HCS_FLAASH_MF, HCS_FLAASH_MTMF,
HCS_FLAASH_MTTCIMF, HCS_FLAASH_OSP, and HCS_FLAASH_TCIMF showed an
increase in classification performance by 0.01, 0.11, 0.12, 0.35, 0.16, and 0.34, respectively.
GS_FLAASH_MTTCIMF, GS_FLAASH_OSP, and GS_FLAASH_TCIMF increased in per-
formance by 0.10, 0.03, and 0.08, respectively. GS_FLAASH_CEM and GS_FLAASH_MF
each showed a common decrease in performance by 0.16. GS_FLAASH_MTMEF increased
in error by 0.03. MHD classification decreased in performance by 0.35 and 0.08 for the
GS_FLAASH and HCS_FLAASH subsets.

MXL classification increased in error by 0.50 and 0.47 for the HCS_FLAASH and GS_FLAASH
subsets. GS_FLAASH_MD, GS_FLAASH_SAM, and GS_FLAASH_WTA increased in resul-
tant error by 0.43, 0.23, and 048, respectively. HCS_FLAASH_MD, HCS_FLAASH_SAM,
HCS_FLAASH_WTA decreased in performance by 0.44, 0.25, and 0.48, respectively. For the
QUAC subsets, only GS_QUAC_MTTCIMF and HCS_QUAC_MTTCIMEF showed a decrease in
error by 0.12 and 0.41, respectively. GS_QUAC_ACE and HCS_QUAC_ACE showed an increase
in error by 0.37 and 0.35, respectively. GS_QUAC_CEM and GS_QUAC_MF each showed a
common increase in error of 0.20. Similarly, HCS_QUAC_CEM and HCS_QUAC_MF each
resulted in a common increase in error of 0.17. GS_QUAC_MTMF and HCS_QUAC_MTMF
resulted in an increase in classification error of 0.06 and 0.03, respectively. GS_QUAC_OSP and
HCS_QUAC_OSP delivered an increase in error by 0.03 and 0.07 each. TCIMF classification of
GS_QUAC and HCS_QUAC subsets resulted in an increase in classification error by 0.11 and 0.12,
respectively. G5_QUAC_MHD and HCS_QUAC_MHD resulted in a decrease in performance by
0.47 and 0.18 each. MXL classification resulted in an increase in error by 0.56 for GS_QUAC and
0.24 for HCS_QUAC. GS_QUAC_MD and HCS_QUAC_MD increased in error by 0.27 and 0.17
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each. SAM classification of the GS_QUAC and HCS_QUAC subsets delivered an increase in error
by 0.21 and 0.11, respectively. GS_QUAC_WTA and HCS_QUAC_WTA resulted in an increase in
classification error by 0.48 and 0.18, respectively. The average variance between DOS, GS_DOS,
and HCS_DOS for each classifier produced the following order of increasing variability: MTMF
<MTTCIMF < TCIMF < OSP < SAM < ACE = MXL < CEM < MF < SAM < WTA < MD. The
average variance between FLAASH, GS_FLAASH, and HCS_FLAASH for each classifier resulted
in the following variability order: MTMF < OSP < CEM < MF = SAM < ACE < MTTCIMF =
TCIMF = MHD < MD < MXL < WTA. Variability between QUAC, GS_QUAC, and HCS_QUAC
resulted in the following order: MTMF < OSP < TCIMF < CEM = MF = SAM <MD < ACE =
MTTCIMF < MHD < WTA < MXL. While the MTMF produced the least varying classification
between nonsharpened and pansharpened imagery, it possessed a high error for all the subsets of
imagery tested in this study.

The cumulative average error rate for the pansharpened subsets revealed the following
order of reliability: GS_DOS > HCS_FLAASH > HCS_QUAC > HCS_DOS > GS_FLAASH >
GS_QUAC. Upon averaging the effects of atmospheric corrections, the HCS pansharpening
was calculated to have a lower error rate (0.71) for all classification algorithms and all
atmospheric corrections, when compared to the GS method (0.76). Figures 7-9 display the
thematic results of FLAASH_MXL and HCS_FLAASH_MXL.

11°57'0"E  11°58'30"E 12°0'0"E 12°1'30"E 12°3'0"E 12°4'30"E

FLAASH_MXL %
% w- =E

78°52'30"N

78°52'30"N

0 0.25 0.5 1km

—t—t—t—t—t——
Melting Glacier Ice Wet Snow - Glacier Ice
Dry Snow I saturated Snow - Streams and Crevasses
- Dirty Ice Melting Snow - Shadowed Snow

—
11°58'30"E 12°0'0"E 12°1'30"E 12°3'0"E 12°4'30"E 12°6'0"E

Figure 7. Thematic classification results of the MXL algorithm for the FLAASH atmospheric correction
for the ML glacier.
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Figure 8. Thematic classification results of the MXL algorithm for the FLAASH atmospheric correction
for the ST glacier.
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scheme for the ML glacier.
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4.3. Discussion

Atmospheric correction impacts the quality of observable and derivable spectral
reflectance of desired targets. Section 1.4 highlights studies that compared atmospheric
corrections and the complexity imbued in the selection process. The overarching con-
sensus states that the choice of atmospheric correction is application-centric [61]. A
careful assessment of the impact of atmospheric correction on the spectral signature of
target facies in this study was presented in Section 4.1. Previously, the FLAASH correc-
tion was used to derive target spectral reflectance and then matched against existing
literature for its validity [17]. In the current study, spectral signatures of facies derived
from the FLAASH correction were used in the same capacity. The extracted signatures
closely matched those observed in previous efforts (Section 4.1), based on the properties
of reduced reflectance [62] and mixing of moisture, dust, impurities, and debris [138].
Subsequent extraction of spectral signatures of the same facies from subsets of each
processing scheme revealed a variance between each scheme, and thereby, differences
in the resultant classifications. The highest variances between DOS, FLAASH, and
QUAC were most prominent in B1, B2, B7, and B8. This was potentially because B1
and B2 (Coastal and Blue) were used to provide atmospheric information [142,143],
and were therefore affected the most by its effects, whereas B7 and B8 (NIR1 and NIR2)
were predominantly affected by water absorption and dispersion of suspended parti-
cles [144]. Moreover, Chakouri et al. [57] suggested that the green-to-NIR spectrum
is least affected by atmospheric scattering. Analysis of Figures 4 and 5, as well as the
maximum and minimum variations of spectra depicted in Table 6, highlighted that
the reflectance spectra of facies derived from non-pansharpened imagery showed the
least variations between B3 (Green) to B6 (Red Edge), and the most variations were
observed at Bl (Coastal) for most of the facies. Reliability based on variance in OA
across both study areas for all classifiers suggested that DOS was the worst performer.
This was likely because DOS does not emulate atmospheric absorption, and produces
a decrement of surface reflectance [145,146]. Moreover, as the minimum value of dark
pixels was a combination of atmospheric effects, specular reflection, and skylight
scattering from the entire image [147], the DOS configuration was too simplistic for
separating overlapping spectral signatures from different classes. FLAASH was the
most reliable atmospheric correction method, as the results of the classification from
its subsets were the most consistent. This was believed to be due to close matching of
FLAASH-derived reflectance with surface reflectance [148]. QUAC performed poorer
than FLAASH in the current study, perhaps due to the nonexistence of a minimum of
10 distinct spectral classes [93,149]. Saini et al. [149] further went on to reiterate the
realistic reflectance derived through FLAASH.

The literature review of pansharpening (Section 1.3) arrived at a task-specific con-
clusion, similar to that for atmospheric correction. A visual analysis of Figures 4 and 5
highlighted the decrease in reflectance derived from pansharpened imagery. This implied
an overall decrement in spectral signature characteristics. GS_DOS was found to have the
most deterioration. Resultant spectra from HCS_DOS/FLAASH/QUAC were found to
match closely with the nonsharpened DOS-, FLAASH-, and QUAC-derived spectra. This
agreed with Rayegani et al. [47] and Padwick et al. [42]. Spectra of the Chandra—Bhaga
basin snow class showed the highest variance (0.29) across GS_DOS, GS_FLAASH, and
GS_QUAC. The highest variance across HCS_DOS, HCS_FLAASH, and HCS_QUAC was
found for the spectra of the Chandra-Bhaga basin snow class (0.31). Moreover, variance in
GS- and HCS-sharpened spectra for the Chandra-Bhaga basin facies was found to be higher
than that of the Ny-Alesund facies. Shadowed snow for both CB and Ny-Alesund showed
a much lower variance across the GS and HCS subsets than other facies. The spectral bands
showing the most variance were B1, B2, B7, and B8. This was due to the obvious reason
that atmospheric influences (for B1 and B2) were only reduced by appropriate correction
algorithms, whereas the effects of moisture and particle mixing (B7 and B8) were target-
and scene-specific. Ablation facies were characterized by increasing moisture, saturation,
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densification to ice and subsequent discharge of melt water. Therefore, the variations in B7
and B8 would most likely be persistent. Although HCS was more stable than GS across
all its subsets according to its classification performance (Section 4.2.4), both resulted in a
high error rate. One reason could be the compounding effect of the previous atmospheric
corrections and subsequent variety of classification algorithms. Previous assertions of the
utility of the GS method [38—40] did not hold true in the current study.

4.3.1. Classifiers and Surface Facies: Performance and Comparison

Jawak et al. [41] tested a variety of band ratios and classifiers, such as MTTCIME, CEM,
ACE, OSP, MTME, MF, MXL, SVM, NNC, and SAM, to map Antarctic vegetation using WV-
2 data. Their work showed the prowess of MTMF in mapping sparse vegetation patches.
Moreover, the MXL was inefficient in their analysis by creating a maximum number of
misclassified pixels. The current study, however, delivered the opposite results. Here, MXL
and MD performed better than MTMF in an overall identification of facies. This contrasting
result could be because the adjacent classes in their work; namely, landmass/rocks, water
bodies, snow/ice on lakes and rocks, shadowed ice, shadowed landmass, melt water, and
surface debris on snow /ice, were all highly distinctive in their spectral characteristics. In the
case of the surface facies, distinct classes were based on reduction in reflectance properties
induced by melt and mixing of particles. This was also noted by Jawak et al. [41] when
shadowed ice and melt water on the surface of rocks caused significant misclassification in
the AC methods. Kumar et al. [130] attempted to identify minerals at the subpixel level
using MTTCIMF in mountainous areas of Rajasthan, India. Their results suggested that
MTTCIMF performed poorly when there was high interclass similarity. Portions of the
reflectance spectra of facies overlapped each other (Figures 5 and 6), which could have
caused poorer performance of MTTCIMEF in facies applications. Curiously, MTTCIMF
delivered higher accuracy for the GS and HCS subsets for all three atmospheric corrections.
This could imply that pansharpening VHR imagery may improve target detection using
MTTCIME. An increase in accuracy was also observed for classification results of ACE,
CEM, MF, MTME, OSP, and TCIMF for the HCS_FLAASH subset. The greatest increase
was for the HCS_FLAASH_MTTCIMF classification (0.35 increase, 35% improvement).
Although the increase in performance did not improve the overall ranking of the classifiers
to a large extent, it was an important factor to note, as an increase in the total number of
pixels under the same polygonal unit of the concerned ROI could improve target detection
when sharpened by HCS in this instance. Millan et al. [129] tested five AC methods
(CEM, ACE, SAM, TCIMF, and MTMF) for estimating reflectance of targets of interest
in mine-related flooded areas of Nord-Rhein Westphalia, Germany. They found variable
performance of the classifiers for their targets, but recommended SAM, ACE, and MTMF,
as targets were better classified using these. They inferred this, as the recommended
classifiers showed low sensitivity to Bidirectional Reflectance Distribution Factor (BRDF)
effects on target classes. In the current case, each glacier was carefully extracted from the
complete imagery, nullifying any valley rock/nonglacier influence. Moreover, any BRDF
influence observed over each glacier for the spectral bands would be uniform throughout
the classification process, and should not have been a hindrance in the results of the
current study [17]. Moreover, Millan et al. [129] also described the effectivity of specific
classifiers for individual targets. Here, for the Ny-Alesund facies, dry snow, wet snow,
melting snow, shadowed snow, glacier ice, melting glacier ice, dirty ice, and streams
and crevasses were best classified by MXL, whereas saturated snow was equally well
classified by MXL and WTA. For the Chandra-Bhaga basin facies, crevasses and shadowed
snow were best classified by WTA, whereas glacier ice, IMD, debris, and snow were best
classified by MD. Jin et al. [150] tested MF, SAM, CEM, TCIMEF, ACE, and OSP for target
detection at subpixel and full-pixel scales over Cooke City, Montana, USA. Their findings
suggested that classifiers based on matched filters (MF, CEM, MTMF, and TCIMF) had
poor generalization, causing misclassification of pixels belonging to the same class but
with slightly different spectral signatures. Poor performance of the MF-based classifiers in
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the current study supported the same inference. Furthermore, they found that the ACE
classifier achieved better target visibility and classification than other AC methods. Here,
ACE was the best performer of all the AC algorithms across all processing schemes, and
therefore validated the same inference. Jawak and Luis [151] assessed the performance of
SVM, MXL, NNC, SAM, and an ensemble WTA to map land cover in Larsemann Hills,
Antarctica, using HCS-sharpened WV-2 imagery. They found that WTA performed best,
while MXL performed worst. However, the accuracies of all methods were quite high.
In the current study, MXL and WTA performed well across all processing schemes. The
performance of SAM as shown by Jawak and Luis [151] depended upon the abundance
and separability of spectral classes. A significant feature of their study was the nonoverlap
of land cover classes, thereby resulting in high accuracy. The differences in facies, however,
was not essentially a sharp contrast. The variations from accumulation to ablation can cause
confusion if spectral signatures are not carefully considered. Moreover, SAM performed
poorly here, leading to unclassified pixels, consequently causing unclassified pixels in the
WTA classification. The default settings in ENVI were used to enable an unbiased analysis
of classifier performance. This may have led to low representation of the maximum angle
between the ROI and input pixel spectrum. Luis and Singh [60] attempted to map surface
facies on the Edithbreen glacier in Ny-Alesund, Svalbard, using VHR WV-3 and Landsat 8
OLI data. Their attempt focused on comparing pixel- and object-based methods. While
the object-based methods thoroughly achieved the best results, the pixel-based results for
MHD, MXL, and MD highlighted the robustness of MXL. However, MD performed poorly
in their analysis, which countered the current findings; this could be possibly be due to the
larger number of overlapping classes defined by Luis and Singh [60]. Albert [59] compared
MXL, MD, parallelepiped (PP), SAM, ISODATA, linear unmixing, MTMF, a range of fuzzy
classification methods, and band math indices/techniques to delineate ice cover around the
tropical Quelccaya ice cap in Peru. The author used a DOS-corrected Landsat 5 TM image.
The final processing steps involved conversion of radiance to reflectance units. However,
in the current study, DN was first converted into radiance and then to TOA reflectance
before performing user-defined DOS [98]. Albert [59] found SAM to be the most accurate
of the supervised classifiers. This occurred due to testing of a variety of angular thresholds.
The author noted that that the supervised classifiers performed well because snow and
ice were one thematic class, rather than bifurcated into different snow and ice facies. This
suggested that additional categories of closely matching spectra, but with distinct thematic
features, may reduce the performance of many supervised classifiers. The results of the
current study were consistent with this.

Pope and Rees [10] mapped glacier facies on the ML glacier using in situ spectral
reflectance on field-observed surface classes of facies through ETM+ imagery classification.
The authors used an unsupervised ISODATA algorithm and principle-component-derived
linear combinations (LCs) to categorize surface classes. Several classes identified by the
authors were based upon field assessment of grain size and visible/flowing water on the
surface. The spectral reflectance signatures used for validation were collected a decade
after the image acquisition. This was the opposite of the recent reccommendation by Yousuf
et al. [36], who suggested snow and ice validation data should be closely timed with the
image capture. Due to nonavailability of field spectra, the current study relied on image and
spectra interpretation and published literature for references and a comparison of spectral
signatures (refer to Sections 3.4 and 4.1, and [17]). The comparative pixel- and object-based
characterization of glacier facies on the Edithbreen glacier by Luis and Singh [60] presented
a curious case. Common classes between their work and the current study included dry
and wet snow, melting ice, and shadow. Uncommon classes included percolation snow,
dirty snow, debris, off-glacier, water stream, and crevasses. The separation of water stream
and crevasses was avoided in the current study due to increased spectral confusion and
probability of misclassification. Moreover, absence of in situ/reference spectra enhanced
the chances of incorrect training of ROIs. Manual digitization of glacial boundaries negated
the need for an off-glacier class. Furthermore, when comparing Landsat 8 (L8) and WV-
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3, their L8 classification showed a class called wet semisaturated snow. This class was
identified by Pope and Rees [10] after in situ collection, and was separated from dry
semisaturated ice by an increased amount of water on the surface. The quantity of water
that marked the spectral contrast between wet snow and wet semisaturated snow was
not easily identified with medium-resolution satellite data. Luis and Singh [60] touted
the effectivity of the object-based indices; however, the thematic results showcased dirty
“snow”, a snow surface facies class on the ablation area of the glacier, using WV-3, but then
labeled the same as dirty ice in classification of L8 data. Nevertheless, their work provided
an important reconnaissance for future effective mapping of surface facies in the region.
The current study built upon their findings and objectively characterized facies using visual
and spectral characteristics. Jawak et al. [17,33] mapped surface facies using a combination
of pixel- and object-based classification techniques on FLAASH-corrected WV-2 data. Their
goal was to effectively characterize facies for the Chandra-Bhaga basin region using VNIR
VHR satellite data. The current study aimed to test the impacts of varying processing
schemes on the overall classification of surface facies to determine the most efficient and
accurate method for future mapping attempts. Testing of additional supervised classifiers
such as TCIME, MTTCIME, MTMF, and ACE proved useful in highlighting the utility
of matched filtering methods and the performance of ACE. Moreover, improvement in
classification accuracy by MTTCIMF after pansharpening was an important clue to the
potential implementation of the algorithm using in situ spectra and/or aerial imagery.

4.3.2. Computer Processing Time and Limitations

Successful data-driven remote sensing applications depend upon stable computa-
tional infrastructure. In the preceding sections, this study qualitatively and quantita-
tively assessed classified thematic results of different processing schemes. Therefore, it
is now necessary to evaluate the computational requirements and loads of the individual
schemes. To this end, the study considered factors such as data acquisitional challenges,
system properties, time taken for processing, and storage space needed. The specifi-
cations of the primary system used to process data in this study (System A) consisted
of 16 GB of RAM (DDR4), an SSD with 256 GB, an HDD with 1 TB, a ninth-generation
Intel® Core™ i7-9750H (64-bit) processor, and a NVIDIA® GeForce® GTX 1650 (4GB)
graphics card. In addition to this, an additional portable hard drive with more than
4 TB of storage was needed to store all the generated data. All files, beginning from
calibration to classification, were saved in default ENVI formats to maintain uniformity.
The HCS sharpening performed in ERDAS IMAGINE 15 necessitated input files in its
default IMG imagine format. The HCS-sharpened files were then exported back into the
default ENVI format (.dat) for further classification. This standardization of file formats
was in line with the recommendations by Shcadt et al. [152] for big data management.
Table 11 highlights the complete processing time and storage space needed, from cali-
bration to classification, for each of the image-processing schemes for glaciers ML and
ST. This presents an account of the practical limitations when processing data for such
applications. In terms of the processing schemes, the GS and HCS products occupied the
maximum disk space and processing time with no superior enhancements in accuracy.
The Himalayan glacial subsets, being bigger in size, took the most space and time. AC
classification of the Samudra Tapu GS_FLAASH subset had the largest file size (312 GB),
and consequently took the most processing time (593 h) of all the subsets and processing
schemes tested in the current study.

166



Remote Sens. 2022, 14, 1414

Table 11. Stepwise break down of the time taken and storage space occupied at each processing step,
which included radiometric calibration, pansharpening, band math conversion (0 to 1 reflectance
units), classification, conversion of raster thematic data to vector files, and export of the resultant
vector files. The time is displayed in hours, and the space occupied is provided in parenthesis after

the time.
Time in Hours (and Storage Space Occupied)
Test Site Image Radi o E ” Total Time Total Storage
Subset adiometric . g . Xporting inh in GB
ubse Calibration Pansharpening Band Math Classification Shapefiles (h) n n
TD: 1.58 h (5.04 GB) 4.00 6.08 5.48
TERCAT: 1.08 h (1.94 GB) 2.00 3.58 2.38
TD: 56.00 h (96.80 GB 100.00 157.5 104.49
DOS: 0.50 h GS:1.00 h . ¢ )
(0.44 GB) (7.25 GB) TERCAT: 48.00 h (34.50 GB) 35.00 84.50 4219
HCS: 038 h ~ TD: 51.00 h (90.80 GB) 86.00 137.88 99.39
(8.15GB) TERCAT: 44.00 h (31.50 GB) 29.00 73.88 40.09
~ 033h TD:2.17 h (5.05 GB) 9.00 12.33 5.73
(045 GB) TERCAT: 1.68 h (0.14 GB) 1.00 3.84 0.82
Midtre
Lovénbreen FLAASH: 0.83 h GS:113h 057h TD: 60.00 h (81.10 GB) 83.00 14553 94.5
(ML) (0.23 GB) (6.57 GB) (6.60 GB) TERCAT: 50.00 h (31.30 GB) 32.00 84.53 447
HCS: 042 h 050h TD: 54.00 h (80.70 GB) 82.00 137.75 96.81
(9.31GB) (6.57 GB) TERCAT: 45.00 h (31.30 GB) 30.00 76.75 4741
B 030h TD: 1.77 h (5.05 GB) 9.00 11.77 6.28
(0.64 GB) TERCAT: 1.50 h (1.95 GB) 4.00 6.50 3.18
QUAC:070h GS:1.00h 050h TD: 55.00 h (76.5 GB) 64.00 121.20 90.36
(0.59 GB) (6.57 GB) (6.70 GB) TERCAT: 46.00 h (29 GB) 25.00 73.20 42.86
HCS: 047 h 041h TD: 51.00 h (80.7 GB) 74.00 126.58 97.2
(9.31 GB) (6.60 GB) TERCAT: 43.00 h (29.9 GB) 28.00 72.58 46.4
TD: 3.28 h (19.80 GB) 24.00 28.28 21.95
TERCAT: 2.45 h (6.75 GB) 10.00 1345 8.9
DOS: 1.00 h GS:1.25h ~ TD: 65.00 h (219.00 GB) 374.00 44125 256.75
(215GB) (35.6 GB) TERCAT: 57.00 h (70.60 GB) 61.00 120.25 108.35
HCS: 156 h ~ TD: 68.00 h (221.00 GB) 336.00 338.56 266.65
(43.50 GB) TERCAT: 58.50 h (75.6 GB) 71.00 132.06 121.25
158h TD: 4.12 h (19.80 GB) 24.00 31.26 23.23
(2.62GB) TERCAT: 3.34 h (0.58 GB) 3.00 9.48 4.01
Samudra Tapu FLAASH: 156 h GS:2.40h 185h TD: 76.00 h (312.00 GB) 512.00 593.81 362.31
ST : 1. 1 2. .
D (0.81 GB) (16.50 GB) (33.00 GB) TERCAT: 66.00 h (130.00 GB) 104.00 175.81 180.31
HCS: 1.00 h 175h TD: 70.00 h (282.00 GB) 432.00 506.31 434.81
(50.00 GB) (102.00 GB) TERCAT: 59.10 h (109.00 GB) 96.00 159.41 261.81
150 h TD: 3.80 h (19.80 GB) 24.00 30.65 22.96
(2.06 GB) TERCAT: 3.10 h (0.683 GB) 3.00 8.95 3.843
QUAC: 135h GS:210h 180 h TD: 72.6 h (254 GB) 418.00 495.85 304.6
(1.10 GB) (16.50 GB) (33 GB) TERCAT: 64.00 h (108 GB) 96.00 165.25 158.6
HCS: 090 h 172k TD: 68.40 h (282 GB) 432.00 504.37 336.6
(20.50 GB) (33GB) TERCAT: 56.10 h (108 GB) 96.00 156.07 162.6
Total time and storage 5247.05 h 3909.80 GB

The smallest input file was the Midtre Lovénbreen DOS subset (0.44 GB). As an
example of the comprehensive approach of the study, the total time for image calibration
and classification of the glacial subsets of Samudra Tapu and Midtre Lovénbreen was
5247.05 h, with a combined disk size of 3909.80 GB. The CC methods, being lesser in
number, consequently occupied less disk space. Considering the accuracies delivered by
AC and CC algorithms (Section 4.2.2), and the respective times for processing and storage
space (Table 11), it was evident that the CC methods were much more efficient.
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4.3.3. Inherent Challenges and Limitations

In the quest for assessing image-processing impacts on mapping glacier facies, the
current study encountered and attempted to resolve several computational challenges,
as described in the sections above. However, some challenges for mapping facies and
supraglacial terrain were inherent to this application itself. Factors such as cloud cover,
seasonal snow, precipitation, and crevassed surfaces pose difficulties for efficient snow
and ice delineation [153]. Debris cover is a challenge for glacier terrain mapping due to
its spectral confusion with the surrounding valley rocks [154], as most of the debris on
the surface of a glacier is deposited either by rockfalls from the surrounding valley or is
entrained into the glacial mass during its movement from the bed rock. This can cause
erroneous mapping, as spectral signature-based classification methods may misclassify
supraglacial debris and valley rock due to the resultant spectral similarity. Shadowed
snow, dependent on sun azimuth and solar elevation [155], can create areas of spectral
mixing, causing misclassifications [17]. Cumulatively, the topography of the area [156], the
time/season of capture, illumination conditions, and local weather [155] all play key roles
in determining the features visible on a glacier’s surface and the “quality” of the image.
Bernardo et al. [142] found that a residue of atmospheric attenuation was left in the image
after atmospheric correction. This influenced band-by-band comparison against known
spectral libraries and in situ spectra. In such a case, selection of appropriate atmospheric
correction algorithms would be of prime importance when mapping methods rely upon
reflectance characteristics. For example, DOS correction ignores the effect of atmospheric
dispersion on spectral signatures and is often too simplistic, resulting in a decrement in
surface reflectance [146]. Algorithms such as FLAASH provide the most realistic reflectance
pattern, as they consider variables such as sensor altitudes and atmospheric and aerosol
models to reduce the compounding effects of atmospheric attenuation. Therefore, while
simplistic methods such as DOS are convenient and time-efficient, they may retain more
noise than sophisticated methods such as FLAASH. WV-2 applicability for glacier facies
mapping was demonstrated in the past [17,33,60] and in this study as well. However,
the WV-2 dataset is expensive to procure; this adds logistic impediments to its usage for
long-term temporal monitoring of facies.

Remotely sensed imagery can acquire noise at any moment, beginning from acquisi-
tion/image capture, rectification procedures, geometric corrections to enhancements, and
even compression from data storage and transmission procedures [157,158]. VHR satellite
data consists of noise acquired during the acquisition and transmission [159]. According
to Liang et al. [160], this is an impulse noise, also called the salt-and-pepper noise, which
presents as white and black pixels in the spectral image. Estimation of this noise is an
important part of information-extraction procedures, specifically for hyperspectral data.
The minimum noise fraction (MNF) transformation [161] in ENVI is a two-step principal
component analysis that enhances the quality of data by reducing computational require-
ments. This is performed by reducing data dimensionality and segregating the noise to
yield higher-order components comprising noise-free, coherent eigen images [17,162,163].
Noise statistics in the form of eigenvalues for each spectral band are generated in the
forward MNF transformation [163]. Table 12 highlights the estimated noise in the raw
image and for each processing scheme for subsets of Samudra Tapu, Chandra-Bhaga basin,
and Ny-Alesund, Svalbard.
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Table 12. Eigenvalues of noise contained in the VHR WorldView-2 data of the test sites. Noise was
computed for the raw data and each processing scheme for two selected glacial subsets. Noise was
calculated following the MNF operation in ENVI.

Noise within the Processing Scheme Subsets

Test Spectral GS HCS
Subset Bands RawDN  DOS  FLAASH QUAC
DOS  FLAASH QUAC DOS FLAASH QUAC
Bl 443.81 15256 290.19  180.59 83425 64747 49375 35027 17923  624.17
B2 16.72 15.68 13.11 15.49 411.80 20793 41207 17258  43.79 312.83
B3 5.52 3.75 6.65 5.29 108.70 51.59 15897 3617 11.86 92.01
Samudra Tapu B4 2.57 242 2.39 3.07 58.31 20.20 88.51 25.48 6.98 77.26
B5 1.68 121 2.00 1.21 14.59 1633 25.34 10.11 6.66 23.59
B6 1.18 1.10 1.16 1.10 12.83 15.44 20.81 9.19 418 19.04
B7 1.08 1.03 1.05 1.03 8.26 12.34 19.54 5.46 3.73 18.21
B8 0.96 0.94 0.99 0.95 2.15 7.62 14.99 3.01 3.37 14.01
B1 144.38 116.77 56.14 50.05 866.56 31490 20319  41.28 37.54 51.60
B2 27.41 26.67 10.13 17.57 57.59 52.55 50.12 13.57 10.72 21.78
B3 2.25 2.05 2.07 3.04 47.93 35.13 30.15 9.32 8.93 11.77
Midtre B4 1.18 1.17 1.29 1.72 19.88 18.72 17.20 6.41 8.23 11.28
Lovénbreen B5 1.15 1.17 1.18 1.65 18.79 18.14 18.02 8.49 7.69 10.83
B6 1.11 1.12 1.11 151 17.58 15.60 13.19 5.36 7.36 9.95
B7 1.00 1.00 1.01 1.24 13.78 13.90 14.24 521 6.70 9.48
B8 0.99 0.98 0.99 1.00 13.13 12.83 12.21 3.01 5.06 8.97

Spectral bands with eigenvalues (Table 12) closer to 1 contained noise, and those with
values greater than 1 contained data [163]. Hence, when averaged across all processing
schemes, Bl contained the maximum data and least noise, followed by B2, B3, B4, B5, B6,
B7, and B8, which comprised the least data with maximum noise. While the performance
of each band was consistent, the processing schemes had a variable level of noise in each
subset. In the case of hyperspectral data, this noise statistic is important when considering
which spectral bands can be retained for further classification/processing (bands with
high data) and which bands can be rejected (bands with high noise). In the present study,
only eight spectral bands comprised the current set of imagery. Moreover, the aim of this
experiment was to gauge variations induced by each processing scheme in the resultant
spectral reflectance and thematic classification. An inverse MNF transform was suggested
to denoise imagery [163], and a comparative test of denoised imagery has promising future
potential for assessing the impact on glacier facies extraction. The current study served as a
baseline for such a potential test.

In the current study, surrounding valley rocks were not incumbent to classification, as
the glacial subsets were manually digitized and extracted. A greater number of atmospheric
corrections and pansharpening methods were not tested here. However, the current
methods were sufficient to observe the overall effects of different methods. B1, B2, B7, and
B8 displayed the maximum variation in spectral reflectance across each processing scheme
and for most of the identified facies (Table 6). This can be a limitation for the FLAASH
correction, as its execution has been noted to have significant dependence upon the visible
bands, especially the blue (here, B2) band [56]. QUAC was limited by less than 10 spectral
classes, as the discernible surface facies numbered 9 for the Ny-Alesund glaciers and 6 for
the Chandra-Bhaga basin glaciers. Pansharpened data took the most time for classification
and occupied the most disk space, without resulting in any improvements in accuracy.
Some classification algorithms, such as MTMF [41] and SAM [59], have shown better results
for identifying land cover and snow classes, but were not apt at discriminating the minute
variation in facies. Ramezan et al. [164] suggested utilizing larger training data samples for
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improving overall accuracy across classification methods. This may improve AC methods
in future. Lack of field data limited the current study. However, by utilizing an equalized
sampling approach described by Keshri et al. [134], the study assigned equal points to
each facies class, and gauged them not only for their accuracies and average error rates,
but also for the variances between each processing scheme. This ensured that the end
goal—understanding the impacts of image-processing schemes on the VHR classification
of surface facies—was achieved.

Albedo plays a crucial role in the analysis of surface characteristics of glacial bodies.
As glacier surface facies vary in terms of their reflectance characteristics, the albedo of these
facies will differ. Moreover, glacier surface facies are completely discernible only at the
end of the ablation season. Any precipitation event prior to image acquisition will cover
the target facies with snow and hamper effective characterization. However, the influence
of precipitation on reflectance and the variations in albedo of surface facies are influential
characteristics that require their own independent study. Nevertheless, freely available
albedo products such as the Moderate Resolution Imaging Spectroradiometer (MODIS)
MCD43A3 [165], the Suomi National Polar-Orbiting Partnership (Suomi NPP), NASA
Visible Infrared Imaging Radiometer Suite (VIIRS) VNP43IA3 [166] and VNP43MA3 [167],
and the Copernicus Global Land Service (CGLS) VEGETATION sensor on the Project for
On-Board Autonomy platform (PROBA-V) Surface Albedo (SA) [168] version 1.5.1., are
available for assessment against glacier facies maps. In this context, however, spatial
resolution and data gaps play a large role in determining usability of these products. For
facies mapped at resolutions of 2 m and less (akin to the current study), direct comparison
between albedo data of 500 m resolution or more can be difficult for small glaciers such as
Midtre Lovénbreen. For comparison, the current study downloaded the VIIRS VNP43IA3
(500 m resolution) product for Ny—Alesund, and CGLS PROBA-V v1.5.1 (1 km resolution) for
the Chandra-Bhaga basin. Supplementary Figure S2 highlights the gaps in CGLS PROBA-V
SA v1.5.1 during the month and year of image acquisition near the Samudra Tapu glacier.
Such large gaps rendered the dataset unsuitable for the current study. Similar, albeit smaller,
gaps were observed for Ny-Alesund for the month and year of image acquisition in the
VIIRS VNP43IA3 dataset. The VNP43IA3 products are available for download at [169],
and the CGLS PROBA-V SA v1.5.1. products can be downloaded at [170]. In studies
that involve mountain glaciers and assessment of glacier surface characteristics, coarse
resolution albedo is not useful [3]. Hence, Naegeli et al. [3] utilized Sentinel-2 and Landsat 8
data to derive albedo products using narrow-to-broadband conversion formulae described
by Knap et al. [171] and Liang [172] and compared them to albedos derived from the
Airborne Prism Experiment (APEX) imaging spectrometer. Zhou et al. [173] concluded
that albedo derived from moderate-resolution sensors such as Landsat 8 is almost free of
the mixed pixel effect, and thus results in greater accuracy than coarse-resolution albedo
(500 m). Moderate-resolution albedo can be useful for binary glacial surface characterization
(snow and ice albedo). However, when multiple supraglacial features are mapped, finer-
resolution products are better suited at capturing the small-scale heterogeneity of glacier
surfaces [3].

Local weather conditions and sudden precipitation events or dust storms will impact
albedo and spectral reflectance. Dust exerts direct and indirect effects on the earth’s
radiation absorption, scattering, and energy balance [174]. Mineral or light-absorbing dust
on the surface of a glacier can influence the spectral reflectance of facies, decrease surface
albedo, and thereby increase melting of snow and ice [175,176]. Global and regional air
mass circulation highlight a significant contribution from Iceland in air masses containing
submicron dust particles reaching the Arctic [177,178]. The most effective measure of
dust and debris mineralogy is performed using in situ analytical techniques such as X-
ray diffraction (XRD), as performed by Moroni et al. [175] to differentiate between local
and transported dust in Ny-Alesund. However, satellite image analysis of supraglacial
mineralogy as performed by Casey et al. [179] for the Ngozumpa and Khumbu glaciers
in the Himalayas required application of mineral indices, inclusion of shortwave and
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thermal infrared (SWIR and TIR) spectral bands, and hyperspectral reflectance. While the
separation of dust and facies spectral reflectance can improve the identification of glacier
facies and enhance complex distributed mass balance modeling, the current study was
limited by a lack of SWIR/TIR wavelengths, hyperspectral data, and in situ analytical
verification. The present experiment focused upon the reflectance variations introduced by
changing image-processing parameters in the easily observable surface facies.

Moreover, testing the effects of precipitation would also need corroborative sea-
sonal/multitemporal imagery. At present, this was beyond the scope of this study. Never-
theless, freely available precipitation data for Ny-Alesund [180] showed zero precipitation
on the date of image acquisition. Similar data for the Chandra—Bhaga basin was not found
at the time of writing this manuscript.

4.3.4. Significances and a Path Forward

Selection of image-processing schemes is of paramount importance for accurate identi-
fication of image targets, subsequent analysis of spectral reflectance, and thematic classifi-
cation. The literature described in Section 1 highlighted the application-centric notion of
selection of image-processing methods. Robust processing routines can prepare satellite
data for a variety of information-extraction methods. A standardized processing routine,
if defined for glacier surface facies mapping, would go a long way in enabling temporal
monitoring. In the current study, the FLAASH correction retrieved the most reliable re-
flectance in comparison to DOS and QUAC. Pansharpening did not necessarily improve
classification accuracy. GS produced the worst spectral reflectance when coupled with
the atmospheric corrections, whereas HCS showed detrimental performance with QUAC
and DOS, but an improved performance for AC methods with FLAASH. The MTTCIMF
classifier showed improved performance for GS sharpening as well, but only for FLAASH
correction. Matched-filtering-based classifiers are poor at generalization [150], and as
such can misclassify pixels of the same facies with a small variation in spectral reflectance.
Therefore, the MF, CEM, MTMF, TCIME, and MTTCIMF classifiers are disadvantaged for
mapping facies, as often elevation and illumination differences on the glacier can cause the
same facies to show a small deviation from its average spectral signature. Moreover, Jin
etal. [150] concluded that the ACE classifier delivered better performance than the OSP. The
findings of the present study corroborated the performance of the matched-filtering-based
methods, as well as the better performance of ACE. Therefore, while ACE was not as
accurate as the CC methods, it was the best performer of the AC methods. The CC methods
delivered the best performance with a more efficient computer processing time. The biggest
disadvantage of the AC methods was the time needed for processing. This also was true
for the GS and HCS sharpening. Pansharpening of VHR imagery did not improve glacier
facies mapping; rather, it added an excessive computational load. MXL is a robust and
efficient information-extraction method and provides the most consistent results across
a range of VHR processing schemes. The MXL classifier was the best overall classifier;
however, MD also showed significant results for the Chandra—-Bhaga basin glaciers. MXL
was previously shown to be a reliable algorithm in areas of spectral confusion [59], and
to deliver accurate results [181]. Moreover, the entire processing and classification was
performed on VNIR data, thus reiterating its utility in mapping facies in the absence of
SWIR or thermal data [10,17]. Improvements over previous attempts included an attempt
at mapping facies of two geographically distinct groups of glaciers (15 glaciers in total).
With three atmospheric corrections, two pansharpening algorithms, and 12 classification al-
gorithms, for a total of 15 glaciers, the current study evaluated an exhaustive 1620 thematic
surface facies accuracy measurements.

Implementing a robust image-processing routine would aid in standardized prepara-
tion of satellite data and highlight the effects and anomalies that may result and promote
another area of research. Accurate derivation of facies may also help calibrate distributed
mass balance modelling [18]. Keeping this at the center, the study provided the following
recommendations for further attempts. (1) the FLAASH algorithm would retrieve the best

171



Remote Sens. 2022, 14, 1414

spectral reflectance, while being slightly sensitive to residual atmospheric effects in the blue
band [142]. (2) HCS may enhance target detection of facies only if coupled with FLAASH
for WV-2 data; however, Snehamani et al. [45] suggested considering the usage of pansharp-
ening based on the value of time and cost. Here, GS and HCS subsets were the bulkiest and
took the maximum processing time. As no significant improvement in overall accuracy was
observed in this case, the study refrained from recommending it for future use. (3) Between
the CC and AC methods, AC was the most computationally demanding. CC processing was
faster and more accurate. ACE and MTTCIMF are recommended from the AC for future
testing for improved mapping using larger training samples [157], and if possible, more
spectral bands. Among the CC methods, MXL and MD are recommended for further use.
(4) Different information extraction approaches such as machine learning [182], SVM [54],
object-based mapping [99], band ratios [11], and multidataset/auxiliary layers [36] can
be tasked in the future to comparatively map complex facies against the results achieved
here. Analysis of denoised satellite imagery for future mapping of glacier facies can be
compared with the baseline results of this study. Finer-resolution albedo products derived
from in situ measurements or high-spatial-resolution satellite data can be assessed against
facies’ reflectance spectra. In addition to denoising, advanced classification methods such
as object-based mapping have helped reduce the effect of salt-and-pepper noise, and thus
open another pathway for a potential comparative study [183].

This study was the first of a three-part series that will present a complete account
of image-processing routines, parameters, and their associated impacts on the thematic
classification of glacier surface facies. The current study focused on image-processing
routines and pixel-based classification techniques. The forthcoming studies will focus
on more complex information extraction methods, the combined effects of processing
parameters on the different classification techniques, and a band-by-band analysis of all
these attempts at mapping facies with upcoming methods.

5. Conclusions

This study evaluated three atmospheric correction methods and two pansharpening
methods for their impacts on glacier facies classification of five conventional and seven
advanced classifiers. This was carried out using WV-2 data for glaciers in two separate
cryosphere regions: Chandra-Bhaga basin, Himalayas; and Ny-Alesund, Svalbard. The
atmospheric correction methods included DOS, QUAC, and FLAASH. The pansharpening
methods included GS and HCS. The conventional methods consisted of MHD, MXL, MD,
SAM, and WTA. The advanced methods consisted of ACE, CEM, MF, MTMF, MTTCIMF,
OSP, and TCIME The focus of the work was on testing the effects of variations in processing
schemes on the resultant classification of surface facies using VHR WV-2 imagery, and not
on the mapping of facies to the highest accuracy possible. This permitted the use of image-
derived spectra and visual interpretation to assign validation points. FLAASH-derived
spectral signatures were used as a reference for comparison against the literature, with
good agreement. The lack of field data was not a hindrance, as the accuracy assessment
focused on analyzing the deviation in performance between each processing scheme before
cumulatively assigning the classifiers a reliability order/ranking. The FLAASH subsets
delivered higher overall accuracies, followed by QUAC and DOS. The MXL classifier was
the least variant across the three atmospheric corrections, delivering OA values of 0.78, 0.73,
and 0.79 for DOS, FLAASH, and QUAC corrections, respectively. WTA classification of the
DOS subsets resulted in the highest OA of 0.81, whereas the lowest OA (0.01) was delivered
by MTTCIMF classification of the FLAASH subsets. Pansharpening did not improve
performance, but rather caused a decrement in the derived reflectance, as well as in classifier
performance. Based upon the average error rate of the classified GS and HCS subsets, the
following order of reliability was derived: GS_DOS > HCS_FLAASH > HCS_QUAC >
HCS_DOS > GS_FLAASH > GS_QUAC. Cumulatively, The HCS pansharpening delivered
better results than the GS pansharpening. For the Chandra—Bhaga basin glaciers, crevasses
and shadowed snow were best mapped by WTA (F1 scores of 0.89 and 0.95); glacier ice,
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IMD, debris, and snow were best classified by MD (F1 scores of 0.96, 0.55, 0.62, and 0.98,
respectively). For the Ny—Alesund glaciers, dry snow, wet snow, melting snow, shadowed
snow, glacier ice, melting glacier ice, dirty ice, and streams and crevasses were best mapped
by MXL, with F1 scores of 1.00, 0.69, 0.68, 1.00, 0.74, 0.57, 0.73, and 0.81, respectively.
Saturated snow was classified equally well by WTA and MXL (F1 score of 0.53). The final
order of classifier performance, independent of atmospheric corrections and pansharpening,
was: MXL > WTA > MHD > ACE > MD > CEM = MF > SAM > MTMF = TCIMF > OSP >
MTTCIME. The best CC method was the MXL, whereas the best AC method was the ACE.
An assessment based on computational time suggested that FLAASH correction followed
by MXL classification was the most efficient mechanism for supervised classification of
surface facies. The experiment carried out here was an exhaustive assessment to decipher
which method of image processing was the most efficient and accurate for surface facies
classification. Future recommendations have been provided to test the robustness of the
current results and potentially apply it across a larger scale. As an important indicator of
a changing planet, accurate derivation of surficial glacier properties will play a key role
in the broader analysis of environmental change. This study presented an important first
phase in the development of an efficient mapping and monitoring system.

Supplementary Materials: The following are available online at https://www.mdpi.com/article/
10.3390/rs14061414 /51, Figure S1: Example of polygonal training ROIs for classification displayed
upon Samudra Tapu and Midtre Lovenbreen, respectively. The ROIs were assigned after visual and
spectral analysis of the observable facies. Both the images are portrayed with a band combination
of Red: NIR1 (B8), Green: Red (B5), and Blue: Green (B3). Figure S2: Data gaps in CGLS PROBA-V
Surface Albedo v1.5.1. for the date of 24 October 2014. The inset is a highlight the global data
product, leading to a zoomed inset of the Indian Himalayas showing the location of the Samudra
Tapu (Chandra-Bhaga basin). Inset b displays the boundary of the Samudra Tapu glacier and isolated
pixels with albedo data. Table S1: Nomenclature of processing schemes used in the current study.
TP: samples are those that were in the positive class and were correctly classified, TN: samples that
were correctly classified as negative, FP: samples that were not truly of the positive class but were
incorrectly mapped as positive, FN: samples that were mapped as negative when they actually were
positive [134]. Sheet S1: Excel sheet showing all the average derived values for each measure of
accuracy. Each measure is presented with values for all the atmospheric corrections, pansharpening
methods, classification algorithms, and averages across all processing schemes.
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Abstract: Advancements in remote sensing have led to the development of Geographic Object-
Based Image Analysis (GEOBIA). This method of information extraction focuses on segregating
correlated pixels into groups for easier classification. This is of excellent use in analyzing very-
high-resolution (VHR) data. The application of GEOBIA for glacier surface mapping, however,
necessitates multiple scales of segmentation and input of supportive ancillary data. The mapping of
glacier surface facies presents a unique problem to GEOBIA on account of its separable but closely
matching spectral characteristics and often disheveled surface. Debris cover can induce challenges
and requires additions of slope, temperature, and short-wave infrared data as supplements to enable
efficient mapping. Moreover, as the influence of atmospheric corrections and image sharpening
can derive variations in the apparent surface reflectance, a robust analysis of the effects of these
processing routines in a GEOBIA environment is lacking. The current study aims to investigate
the impact of three atmospheric corrections, Dark Object Subtraction (DOS), Quick Atmospheric
Correction (QUAC), and Fast Line-of-Sight Atmospheric Analysis of Hypercubes (FLAASH), and
two pansharpening methods, viz., Gram-Schmidt (GS) and Hyperspherical Color Sharpening (HCS),
on the classification of surface facies using GEOBIA. This analysis is performed on VHR World View-2
imagery of selected glaciers in Ny-Alesund, Svalbard, and Chandra-Bhaga basin, Himalaya. The
image subsets are segmented using multiresolution segmentation with constant parameters. Three
rule sets are defined: rule set 1 utilizes only spectral information, rule set 2 contains only spatial and
contextual features, and rule set 3 combines both spatial and spectral attributes. Rule set 3 performs
the best across all processing schemes with the highest overall accuracy, followed by rule set 1 and
lastly rule set 2. This trend is observed for every image subset. Among the atmospheric corrections,
DOS displays consistent performance and is the most reliable, followed by QUAC and FLAASH.
Pansharpening improved overall accuracy and GS performed better than HCS. The study reports
robust segmentation parameters that may be transferable to other VHR-based glacier surface facies
mapping applications. The rule sets are adjusted across the processing schemes to adjust to the change
in spectral characteristics introduced by the varying routines. The results indicate that GEOBIA for
glacier surface facies mapping may be less prone to the differences in spectral signatures introduced
by different atmospheric corrections but may respond well to increasing spatial resolution. The
study highlighted the role of spatial attributes for mapping fine features, and in combination with
appropriate spectral features may enhance thematic classification.

Keywords: geographic object-based image analysis; atmospheric correction; pansharpening;
WorldView-2; Ny—Alesund; Chandra-Bhaga basin; glacier surface facies
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1. Introduction

Glacial systems are dynamic. This dynamicity revolves around the intricate depen-
dence of the glacier’s health on its immediate environment and long-term climate. Glaciers
serve not only as sources of fresh water but also as drivers for socio-economic and industrial
growth [1,2]. Continuous monitoring of these systems is not only important for their indi-
cations of climate variations [3], but also for their cascading impact on human life. Remote
sensing (RS) is one of the most effective mechanisms for near-continuous monitoring of
the ever-changing cryosphere. Satellite multispectral sensors have an advantage, as the
derivable reflectance from these sensors enable the identification of various supraglacial
features [4]. Glacier surface facies are easily distinguished based upon variations in surface
reflectance [5]. These facies are formed by the natural aging and movement of snow and
its melting, refreezing, and intermixing with dust and debris. The spatial distribution of
facies can be incorporated into distributed mass balance models [6] and used for validating
existing three-dimensional models. Development of a recent open-source cryospheric
model, the Snow Multidata Mapping and Modeling (S3M) 5.1, may allow for assimilation
of glacier surface facies [7].

Multispectral remote sensors capture scenes which necessitate processing routines to
derive usable information from raw data. These processing routines exert an influential
impact on the consequent information extraction methods [8]. Moreover, the method
of information extraction plays an important role in developing a sustainable mapping
mechanism. Traditional pixel-based image analysis (PBIA) focuses on assigning a thematic
class to each pixel, while object-based image analysis (OBIA) groups homogenous pixels
into objects for classification [9] and is reported to be superior for remote sensing classi-
fication [10]. Hay and Castilla [11] define the primary aim of Geographic Object-Based
Image Analysis (GEOBIA) as a discipline to develop theory, methods, and tools to replicate
human interpretation of RS imagery through automated/semi-automated mechanisms.
GEOBIA differs from OBIA in that it is solely focused on RS of the Earth and its surface.

GEOBIA

The foundation of OBIA is image segmentation [12]. Segments are groups/objects
of similar pixels determined by criteria of homogeneity. Segmentation decreases image
detail, reduces spectral complexity, and enhances understanding of image content [13].
These criteria result in additional features such as mean values per band, minimum and
maximum values, relationships to neighbor objects, spatial topology, and geometric de-
scriptions [14]. Thus, segmentation operations and their resultant features are suggested
to be comparable to building a database with information of the objects. The subsequent
classification of the objects can be reviewed as a database query [15]. Studies testing the
capacity of OBIA in various applications have resulted in intriguing research problems
related to selection of segmentation parameters, classification methods, and validation of
end results. For example, Kim et al. [16] investigated multi-scale and single-scale segmen-
tation and incorporation of a texture-derived grey-level co-occurrence matrix (GLCM) at
different quantization levels. Their results suggest that multi-scale segmentation offers the
highest accuracy when combined with GLCM for classification of features in a salt marsh
environment. Verhagen and Dragut [17] utilized OBIA to perform predictive archaeological
mapping using a digital elevation model (DEM). They suggest that geomorphological
analysis using additional contextual features may enable better mapping and highlight the
necessity of expert knowledge for interpretation of image objects. This implies that expert
knowledge may drive the success or failure of segmentation and sequential classification.

Among GEOBIA for glaciological applications, Hofle et al. [18] identified ice, firn,
snow, and crevasses using airborne laser scanning point cloud and intensity data through
segmentation and subsequently supervised classification. Rastner et al. [9] comparatively
assessed pixel-based image analysis (PBIA) and OBIA for mapping clean snow, ice, and
debris-covered ice. Robson et al. [19] classified clean ice and debris-covered ice, by com-
bining Synthetic Aperture Radar (SAR) and optical and topographic data in an OBIA
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environment. Sharda and Shrivastava [20] mapped snow;, ice, and a glacial lake on the
Siachen Glacier using band ratios and thresholds on indices. Jawak et al. [21] comparatively
assessed PBIA and OBIA for mapping glacier surface facies in the Chandra-Bhaga basin,
Himalaya, using a multi-index approach. GEOBIA was also tested for change detection of
seasonal snow cover [22]. More recently, Mitkari et al. [23] mapped debris cover using a
multi-scale segmentation approach utilizing ancillary datasets for mapping glacial lakes,
exposed ice, debris cones, rills, crevasses, snow, ice-mixed debris, and supraglacial debris.

Much of the research involving GEOBIA for glacier mapping involves multi-scale
segmentation and incorporation of ancillary data for delineating features. However, little
to no research is conducted on the impact of basic image-processing routines on GEOBIA
classification. The influence of atmospheric corrections and image sharpening can induce
variations in the final thematic outputs of surface facies maps [8]. This study is a subsequent
part of Jawak et al. [8]. Therefore, the previous work is referred to as “paper 1” henceforth.
Hence, the current study aims to fill this research gap by analyzing the effects of variable
processing schemes on the resultant thematic GEOBIA classification of glacier surface facies
in two distinct study areas: Ny-Alesund, Svalbard, and Chandra-Bhaga basin, Himalaya.

2. Study Areas and Data Used
2.1. Study Sites

Svalbard lies between 75° to 82°N and 10° to 35°E. The rate of warming experienced
by this region is almost twice that of the global average [24]. Ny-Alesund houses a research
hub for international researchers and some of the most well-studied glaciers. The glaciers
selected for this study include Vestre Broggerbreen (VB), Austre Lovénbreen (AL), Austre
Broggerbreen (AB), Midtre Lovénbreen (ML), Edithbreen (EB), Botnfjellbreen (BB), Peders-
breen (PB), and Uvérsbreen (UB). The second site is the Chandra—Bhaga basin, which falls in
the Lahaul and Spiti district of Himachal Pradesh, India. It lies between 32°05'N to 32°45'N
and 76°50'E to 77°50'E. This basin hosts India’s Himalayan research base, Himansh. The
glaciers selected are Samudra Tapu (ST), CB1, CB2, CB3, CB4, CB5, and CB6. Figure 1
highlights the geospatial location of the study sites, whereas Supplementary Table S1 high-
lights the area of each glacier and their Global Land Ice Measurements from Space (GLIMS)
reference 1D [25].

2.2. Satellite and Elevation Data

The primary data of this study were LV2A-processed images from Digital Globe (now
Maxar Technologies), Inc., Westminster, CO, USA [26]. The Himalayan image was acquired
on 16 October 2014 (WorldView-2 © 2014 Maxar Technologies, Pasadena, CA, USA). It has
a multispectral (MSL) resolution of 2 m and a panchromatic (PAN) resolution of 0.5 m. The
Svalbard image was acquired on 10 August 2016 (WorldView-3 © 2016 Maxar Technologies).
This product has an at-nadir spatial resolution of 1.24 m, whereas the SWIR bands and
PAN band had resolutions of 3.7 m and 0.31 m, respectively. The datasets had a radiometric
resolution of 16 bits per pixel. The spectral resolution of WorldView-2 (WV-2) consisted
of the bands PAN (0.45-0.80 pum), Coastal (0.40-0.45 um), Blue (0.45-0.51 um), Green
(0.51-0.58 pum), Yellow (0.585-0.625 um), Red (0.63-0.69 um), Red Edge (0.705-0.745 pum),
near-infrared 1 (NIR 1) (0.770-0.895 um), and near-infrared 2 (NIR 2) (0.86-1.04 um). The
projection and datum of the Svalbard image are WGS 1984 UTM Zone 33N, and the
Himalayan image are WGS 1984 UTM Zone 43N.

Elevation data consisted of 30 m Advanced Spaceborne Thermal Emission and Re-
flection Radiometer (ASTER) and Global Digital Elevation Model (GDEM) v2 [27] for the
Chandra-Bhaga basin, and 5 m Arctic DEM [28,29] for Ny-Alesund.
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Figure 1. Geospatial location of the study areas. The 3D elevated surfaces are pansharpened images
draped on digital elevation models. The insets of ML (WorldView-3 © 2016 Maxar Technologies) and
ST (WorldView-2 © 2014 Maxar Technologies) are highlighted using the digitized boundary. The
top image showing the global position of Svalbard and Chandra—Bhaga basin was prepared using
Natural Earth (free vector and raster map data @ naturalearthdata.com).

3. Research Methodology
3.1. Experimental Setup

This study aims to map surface facies using a multi-rule set GEOBIA approach on
selected glaciers in Ny—;%lesund, Svalbard, and Chandra-Bhaga basin, Indian Himalaya,
using visible to near-infrared (VNIR) very-high-resolution (VHR) WV-2 data. Three at-
mospheric corrections, Dark Object Subtraction (DOS), Fast Line-of-Sight Atmospheric
Analysis of Hypercubes (FLAASH), and Quick Atmospheric Correction (QUAC) are used to
obtain reflectance, followed by pansharpening via Gram-Schmidt (GS) and Hyperspherical
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Color Sharpening (HCS). Glacial extents are defined by digitizing over the pansharpened
raised images as 3D surfaces using an ASTER GDEM v2 and Arctic DEM for the two areas.
The results are then examined using error matrices and by comparison with published
literature. The multiple rule sets and data processing are elaborated in the subsequent
sections. In summary, we apply three rule sets in a GEOBIA domain to determine the
variation induced by different processing routines on the classification of glacier surface
facies. The nomenclature used in the study is described in Table 1 and the methodology is
depicted in Figure 2.

3.2. Processing Routines
3.2.1. Deriving Reflectance: Radiometric and Atmospheric Corrections

Deriving reflectance from multispectral imagery entails a two-step routine: (a) conver-
sion of digital numbers/brightness values to at-sensor spectral radiance; (b) application
of an atmospheric correction model to calculate apparent spectral reflectance. The Envi-
ronment for Visualizing Images (ENVI) 5.3 includes a calibration tool which was used to
perform the first step. The radiometrically calibrated images were then subjected to three
different atmospheric corrections. (1) The FLAASH correction is a dual-step module that
simulates the atmosphere at the moment of image capture. This is performed by utilizing
aerosol description and water column amount along with sensor and image data in an
atmosphere model [30] and aerosol model [31]. According to Abreu and Anderson [32],
the atmospheric model was set to tropical for the Himalayan image and subarctic summer
for the Ny-Alesund image. Similarly, the aerosol model was set as tropospheric for the Hi-
malayan image and maritime for the Ny-Alesund image [32]. Other input parameters such
as pixel size, aerosol height, CO2 mixing ratio, water column multiplier, zenith angle, sensor
altitude, and scene center location were computed automatically upon selection of image
and sensor. (2) The DOS correction is built upon the principle that atmospheric scattering
upwells path radiance in the dark pixels of an image [33]. Removal of this contribution to
the path radiance can be performed using the value of a single dark pixel [34]. Following
paper 1 and Rumora et al. [35], Top of Atmosphere (TOA) reflectance values of user-defined
dark pixels were used as an input to the DOS correction. Supplementary Table S2 consists
of the spectral-band-wise at-sensor reflectance values of selected dark pixels for the DOS
correction. (3) Similar to DOS, the QUAC model is an in-scene approach, utilizing no
model computations, rather using central wavelengths and the first step of sensor calibra-
tion [36]. The process involves direct input of the image into the QUAC module without
any user intervention.

Table 1. Nomenclature of processing schemes and classifications used in the current study.

Nomenclature/Abbreviation Description/Definition

DOS DOS-corrected
FLAASH FLAASH-corrected
QUAC QUAC-corrected
GS_DOS DOS followed by GS sharpening
GS_FLAASH FLAASH followed by GS sharpening
GS_QUAC QUAC followed by GS sharpening
HCS_DOS DOS followed by HCS sharpening
HCS_FLAASH FLAASH followed by HCS sharpening
HCS_QUAC QUAC followed by HCS sharpening

DOS_Rule Set 1/2/3
FLAASH_ Rule Set 1/2/3
QUAC_ Rule Set 1/2/3

DOS followed by classification by any of the three rule sets

FLAASH followed by classification by any of the three rule sets

QUAC followed by classification by any of the three rule sets
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Table 1. Cont.

Nomenclature/Abbreviation

Description/Definition

GS_DOS_ Rule Set 1/2/3

DOS followed by GS followed by classification by any of the

three rule sets

GS_FLAASH_ Rule Set 1/2/3

FLAASH followed by GS followed by classification by any of
the three rule sets

GS_QUAC_ Rule Set 1/2/3

QUAC followed by GS followed by classification by any of the

three rule sets

HCS_DOS_ Rule Set 1/2/3

DOS followed by HCS followed by classification by any of the

three rule sets

HCS_FLAASH_ Rule Set 1/2/3

FLAASH followed by HCS followed by classification by any of
the three rule sets

HCS_QUAC_ Rule Set 1/2/3

QUAC followed by HCS followed by classification by any of the

three rule sets
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Figure 2. Methodology of the proposed study. MS: multispectral image; FLAASH: Fast Line-of-Sight
Atmospheric Analysis of Hypercubes; QUAC: Quick Atmospheric Correction; DOS: Dark Object
Subtraction; GS: Gram—-Schmidt; HCS: Hyperspherical Color Sharpening; GEOBIA: Geographic
Object-Based Image Analysis. The blue arrows from GS and HCS highlight the individual image

subsets post pansharpening.
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3.2.2. Pansharpening and Glacier Extent Delineation

HCS replaces the intensity component of MS data in the Hyperspherical color space
with the intensity-matched form of the PAN band [37]. This was performed in ERDAS
IMAGINE. GS predicts the panchromatic data based on the spectral response function
of the sensor [38]. The suitability of generating a 3D surface to determine a glacier’s
boundaries and ice divides is demonstrated in previous studies [21,39]. Hence, the current
study draped GS-pansharpened imagery over the Arctic DEM for Ny-Alesund, and over
the ASTER GDEM v2 for the Chandra-Bhaga basin to observe and digitize glacial extents.

3.3. Mapping Facies in a GEOBIA Domain

Surface facies were identified on the selected glaciers using visual and spectral charac-
teristics. The characteristics of facies in the Chandra-Bhaga basin and in Ny-Alesund are
described in detail by Jawak et al. [21] and paper 1. The logic following the identification
of facies is the reduction in reflectance due to mixing of dust, debris, and moisture, along
with comparison against literature performed previously [21] (paper 1). Facies identified
in the Ny-Alesund image consist of dry snow, wet snow, melting snow, saturated snow,
shadowed snow, glacier ice, melting glacier ice, dirty ice, and streams and crevasses. Facies
observed in the Chandra-Bhaga basin image consist of snow, shadowed snow, glacier ice,
ice mixed debris, debris, and crevasses.

3.3.1. Multiresolution Segmentation

To derive maximum spatial and spectral information from VNIR VHR imagery, the
GEOBIA approach must first focus on identifying the optimal segmentation algorithm and
subsequently its associated parameters. In this study, we utilize the multiresolution seg-
mentation [40] algorithm loaded into eCognition Developer. Multiresolution segmentation
is an iterative process that begins by aggregating highly correlated adjacent pixels into
objects. This cycle repeats until the conditions set by the scale parameter, shape/color, and
compactness are satisfied [41]. The scale parameter determines the size of the resultant
objects, whereas shape regulates the influence of spectral characteristics [41]. Kim et al. [16]
define optimal segmentation as that which generates objects of similar size to that of the
target ground features.

In the current study, we utilized a trial-and-error approach to the scale, shape, and
compactness parameters to determine which setting delivers the most meaningful objects.
For image subsets of both study sites, the best scale parameter was found to be 5, shape was
set at 0.9, and compactness at 0.4. Along with common parameters, the same layer weights
were assigned during the segmentation process. NIR 1 was assigned the highest weight at
3, followed by Blue, Green, Red Edge and Yellow at 2, followed by Coastal, NIR 2, and Red
at 1 each. NIR 1 was assigned the maximum weight as it is the most impacted by moisture,
enabling greater spectral differentiation. The other layers were weighed one at a time in
a repeated iterative process to determine the best weight to deliver meaningful objects.
The segmentation parameters were consistently used to segment all image-processing
schemes from both study sites. Figures 3 and 4 highlight pre and post segmentation as
well as the post classification objects from the atmospherically corrected and pansharpened
subsets, respectively.

3.3.2. Object Features and Rule Sets

Post segmentation, image objects provide much more than just spectral information. In
this study, several object features were identified which were incorporated into rule sets for
enabling classification. The features identified for classification are mean, quantile, standard
deviation, min. pixel value, max. pixel value, edge contrast of neighbor pixels, number of
overlapping thematic objects, relative border to, and customized ratios/arithmetic features.
Table 2 describes each feature and the features per band used in the current study. The
rule sets incorporating these features are developed based on a logic of testing the spectral
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and contextual features to determine how much information and which features are more
suitable for mapping surface facies across different processing schemes.

1. Rule Set 1: Only object spectral information This rule set utilizes only spectral informa-
tion from the mean values per band and customized ratios developed from the mean
values to classify objects, the reasoning being to test the level of accuracy achievable
when classifying objects using only spectral properties.

2. Rule Set 2: Inter-object and contextual information This rule set utilizes features that
are not direct object spectral properties or ratioed spectral properties. This rule set
will test classification of segmented objects without direct information on the spectral
properties of the object.

3. Rule Set 3: Combination of spectral and contextual information This rule set will
attempt to combine the features of both rule sets to achieve the best possible classifi-
cation map. Supplementary Table S3 presents the exact rule set post segmentation
for all the processing schemes. Table 3 highlights the best performing rule sets for
the associated processing scheme for both study areas based on individual overall
accuracy and F1 score.

FLAASH Corrected

Figure 3. Segmentation and classification on the ML FLAASH subset. (a) Non-segmented Image;
(b) Segmented Object Mean View: Hidden Outlines; (c) Classified Merged Objects: Visible Object
Outlines; (d) Classified Merged Objects: Hidden Outlines. RGB: Coastal, Blue, Green.

188



Remote Sens. 2022, 14, 4403

GS_FLAASH
Corrected

Figure 4. Segmentation and classification on the ML GS_FLAASH subset. (a) Non-segmented Image;
(b) Segmented Object Mean View: Hidden Outlines; (c) Classified Merged Objects: Visible Object
Outlines; (d) Classified Merged Objects: Hidden Outlines. RGB: Coastal, Blue, Green.

Table 2. Set of object, class, and customized features used to classify facies in this study. Description
of the features in addition to the specific features used in the current study. Quantile [0.5] refers to
the 50th percentile or middle quartile of the object data per spectral band.

Type of Feature Feature Name Description Features Tested in This Study
Object Features: Mean Value per The mean layer intensity Coastal, Blue, Green, Yellow, Red, Red Edge,
Layer Values Layer/Band value of an image object [42] NIR 1, NIR 2, Brightness, Max. Difference

The feature value, where a Quantile [0.5] (Coastal), Quantile [0.5]
Obiect Features: specified percentage of image  (Coastal), Quantile [0.5] (Blue), Quantile [0.5]
Li\ or Values ’ Quantile objects from the selected (Green), Quantile [0.5] (Yellow), Quantile
y image object have a smaller [0.5] (Red), Quantile [0.5] (Red Edge),
feature value [42] Quantile [0.5] (NIR 1), Quantile [0.5] (NIR 2)
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Table 2. Cont.

Object Features: Layer

Standard Deviation

The standard deviation of the
feature value from all objects

Coastal, Blue, Green, Yellow, Red, Red Edge,

Values: Pixel-Based of the selected image object NIR 1, NIR 2
domain [42]
Type of Feature Feature Name Description Features Tested in This Study

Object Features: Layer
Values: Pixel-Based

Minimum Pixel Value

The value of the pixel with the
minimum layer intensity
value in the image object [42]

Coastal, Blue, Green, Yellow, Red, Red Edge,
NIR 1, NIR 2

Object Features: Layer
Values: Pixel-Based

Maximum Pixel Value

The value of the pixel with the
maximum layer intensity
value in the image object [42]

Coastal, Blue, Green, Yellow, Red, Red Edge,
NIR 1, NIR 2

Refers to the edge contrast of

Object Features: Layer Edge Contrast of an image object to the Coastal(3), Blue(3), Green(3), Yellow(3),
Values: Pixel-Based Neighbor Pixels surrounding volume of a Red(3), Red Edge(3), NIR 1(3), NIR 2(3)
given size
The number of thematic
Object Features: Number of objects that an image overlaps
Thematic Attributes Overlapg;legctl;hematm with if the scene contains a Manual Digitized Layer of Shadowed Snow

thematic layer [42]

Class-Related Features:

Is the ratio of the common
border length of an image
object with a neighboring

Relations to Neighbor Relative Border To . . . Classified Objects
Objects image object assigned to a
defined class to the total
border length [42]
Customized Ratios (using Mean Value)

R_RE = (Red/Red Edge)
CB_CB = (Coastal — Blue)/(Coastal + Blue)

G_C = (Red)/(Coastal)

RC_RG = (Red/Coastal) x (Red/Green)
Max_Min_RE = (Max. Pixel Value Red Edge
— Min. pixel value Red Edge)
Composed of existing features, \é‘%;((\{é}éfs‘;{/ccoies::))
Object Features: variables, and constants, =

Customized Features

Arithmetic Feature

which are combined via
arithmetic operations [42]

R_C = (Red/Coastal)
C_N1 = (Coastal/NIR 1)
G_RE = (Green/Red Edge)
R_B = (Red/Blue)
R_G = (Red/Green)
N2_Y = (NIR 2/ Yellow)
N1_R = (NIR 1/Red)
N1_N2 = (NIR 1/NIR 2)
CN2_CN2 = (Coastal — NIR 2)/(Coastal + NIR 2)
NIN2_NIN2 = (NIR 1 — NIR 2)/(NIR 1 + NIR 2)
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Table 3. Best performing rule sets for respective processing scheme for each study site based on
individual overall accuracy and F1 score. Detailed rule sets for all processing schemes are available
in Supplementary Table S3.

Rule Set and Processing Scheme

Study Site
Rule Set 1: FLAASH

Rule Set 2: DOS

Rule Set 3: QUAC

Shadowed Snow
R_RE > 1.15
Rel. Border to Shadowed
Snow >0
Dirty Ice
CB_CB< —0.17
Rel. border to Dirty Ice > 0.2
G C>16
Dry Snow
Mean NIR 2 > 0.6
Mean NIR 1 >0.4
Rel. Border to DS > 0.4
Wet Snow
Mean Blue > 0.57
Melting Snow
Mean Red Edge > 0.5
Saturated Snow
RC_RG >1.2
Rel. Border to SaS > 0.5
Mean Red < 0.3
Rel. Border to SaS > 0.4
Melting Glacier Ice
Mean Red < 0.37
Glacier Ice
Mean Coastal < 0.5

Ny-f\lesund,
Svalbard

Shadowed Snow
Standard Deviation NIR 2 < 0.006
Min. Pixel Value Blue < 0.25

Rel. Border to Shadowed Snow > 0.1

Dry Snow
Quantile [0.5] Red Edge > 0.8
Quantile [0.5] Yellow > 0.7
Quantile [0.5] NIR 1 > 0.6
Wet Snow
Min. Pixel Value Blue > 0.46
Dirty Ice
Quantile [0.5] Coastal < 0.15
Max. Pixel Value Blue < 0.25
Max. Pixel Value Green < 0.23
Melting Snow
Min. Pixel Value Yellow > 0.32
Streams and Crevasses
Standard Deviation NIR 2 > 0.06
Saturated Snow
Min. Pixel Value NIR 1 < 0.12
Quantile [0.5] NIR 2 < 0.15
Glacier Ice
Min. Pixel Value Coastal > 0.3
Min. Pixel Value Red Edge > 0.28
Melting Glacier Ice
Min. Pixel Value Red Edge < 0.28

Shadowed Snow
G_RE > 15
Rel. Border to Shadowed Snow > 0.1
Dirty Ice
RC<16
Dry Snow
Mean NIR 2 > 0.4
Wet Snow
Mean NIR 1 > 0.36
Melting Snow
Mean Red > 0.3
Standard Deviation NIR 1 < 0.09
Streams and Crevasses
Standard Deviation Yellow > 0.15
Saturated Snow
Mean Green < 0.17
Min. Pixel Value Coastal < 0.05
Melting Glacier Ice
Mean Red < 0.3
Glacier Ice
Min. Pixel Value Green > 0.14

Rule Set 1: HCS_FLAASH

Rule Set 2: HCS_QUAC

Rule Set 3: HCS_FLAASH

Shadowed Snow
No. of Overlapping Objects:
Shadowed Snow =1
Debris
RB>7
Ice Mixed Debris
RB>5
N2.Y>1
Snow
Mean Coastal > 0.7
R_RE > 0.8
Crevasses
R_RE <=0.8
Mean NIR 2 < 0.6
Glacier Ice
Mean NIR 2 > 0.6

Chandra-Bhaga
basin, Himalaya

Shadowed Snow
No. of Overlapping Objects:
Shadowed Snow =1
Snow
Quantile [0.5] (Red) > 0.45
Quantile [0.5] (NIR 1) > 0.45
Min. Pixel Value NIR 2 > 0.45
Crevasses
Standard Deviation Yellow > 0.12
Ice Mixed Debris
0.15 < Max. Pixel Value Green >
0.05
Debris
Max. Pixel Value NIR 1 < 0.15
Glacier Ice
Quantile [0.5](Green) < 0.35

Shadowed Snow
No. of Overlapping Objects:
Shadowed Snow =1
Debris
RB>7
Ice Mixed Debris
N2.Y>1
Quantile [0.5](Red Edge) < 0.4
Crevasses
Standard Deviation NIR 2 > 0.2
Snow
Quantile [0.5] (Coastal) > 0.7
Quantile [0.5] (Blue) > 0.7
R_RE >0.8
Glacier Ice
Mean NIR 2 > 0.6
Quantile [0.5] (Coastal) < 0.7

Figure 5 displays the classification results of the rule sets and processing schemes
displayed in Table 3.
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I Dirty Ice I saturated Snow
Dry Snow Il shadowed Snow Chandra-Bhaga Basin Classification
Glacier Ice [ streams and Crevasses [ crevasses || Ice Mixed Debris
[ Melting Glacier Ice Wet Snow Il Debris Il shadowed Snow
Melting Snow [ Glacier Ice Snow

Ny-Alesund Classification

Figure 5. Classification results of the best rule sets from both study sites. Ny-/o%lesund classification:
(a) FLAASH_Rule Set 1; (b) DOS_Rule Set 2; (c) QUAC_Rule Set 3. Chandra-Bhaga Basin classification:
(d) HCS_FLAASH_Rule Set 1; (e) HCS_QUAC_Rule Set 2; (f) HCS_FLAASH_Rule Set 3.
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3.4. Accuracy Assessment

Logistical constraints in the field campaign to Svalbard, and harsh field conditions
in the month of image acquisition in the Himalaya, prohibited ground truth collection.
Avoiding bias in the manual assignment of reference data, a total of 1160 points were
selected in an equalized random-sampling approach [42,43] to determine the accuracy of
the thematic results. Error matrices were generated to calculate measures such as precision,
recall, F1 score, overall accuracy (OA), error rate, and specificity [44]. While error rate
is calculated as “100-OA’ in terms of percentage, Supplementary Table S4 highlights the
mathematical equations of the measures.

4. Results and Discussion
4.1. Quantitative Analysis of Surface Facies
4.1.1. Area of Surface Facies for Each Processing Scheme

The area of each facies is reported as an average across the rule sets for each individual
processing scheme. Table 4 highlights the area per facies for glaciers ST and ML.

Table 4. Classified area of facies for each processing scheme for the glaciers ST and ML averaged
across all rule sets are summarized here.

Atmospheric Correction GS Pansharpening HCS Pansharpening
Study Sites Facies
DOS QUAC FLAASH DOS QUAC FLAASH DOS QUAC FLAASH
Snow 30.83 26.01 27.55 28.13 27.23 27.63 27.66 27.51 27.60
§_. Shadowed Snow 2.23 2.24 2.18 2.22 221 2.20 2.21 2.21 2.21
[?5 Ice-Mixed Debris 1.93 2.09 3.26 2.43 2.59 2.76 2.59 2.65 2.67
E Glacier Ice 34.72 40.18 35.72 36.87 37.59 36.73 37.06 37.13 36.97
J,,E" Debris 1.19 1.18 1.18 1.18 1.18 1.18 1.18 1.18 1.18
Crevasses 5.11 4.31 6.11 517 5.20 5.49 5.29 5.33 5.37
Dirty Ice 0.28 0.30 0.30 0.28 0.36 0.31 0.28 0.32 0.29
Dry Snow 0.20 0.29 0.26 0.25 0.19 0.22 0.22 0.20 0.22
g Glacier Ice 0.68 0.66 0.75 0.71 0.53 0.68 0.62 0.57 0.84
% Melting Glacier Ice  0.87 0.66 0.68 0.78 1.00 0.62 0.73 0.88 0.76
E Melting Snow 0.45 0.57 0.80 0.63 0.45 0.59 0.70 0.53 0.50
; Saturated Snow 0.90 0.91 0.72 0.80 0.88 1.02 0.97 0.89 0.92
g Shadowed Snow 0.78 0.74 0.77 0.73 0.78 0.76 0.67 0.75 0.72
Stcr::“,‘;::e‘;d 024 025 0.16 021 018 0.22 020 020 0.18
Wet Snow 0.36 0.38 0.30 0.37 0.37 0.33 0.35 0.41 0.33

Glaciers in Ny-Alesund are smaller in size when compared to glaciers in the Chandra—
Bhaga basin. Owing to this, the variances in area of facies are greater for ST classification
than the ML classification. Figure 6 presents the deviations from the average classified
area for all facies across glaciers ML and ST using stacked bar graphs. For the ST glacier,
cumulative variances across all processing schemes highlight that the atmospherically
corrected, non-sharpened imageries (average of DOS, FLAASH, and QUAC) deliver the
highest variance of 2.78 km?. Among the individual subsets, FLAASH provides the least
variance across all facies (0.76 km?). The maximum variation was delivered by the QUAC
subsets. The GS sharpened subsets provide moderate variance with an average of 2.54 km?.
The HCS subsets deliver the least variance in the classified area (13.68 km?) among the facies
for the ST glacier. Within the facies themselves, glacier ice observes the most cumulative
variations in classified area, whereas shadowed snow varies the least.
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Figure 6. Variations in classified area of each facies for the representative glaciers ML and ST. Stacked
columns highlight variances in the classified area between processing schemes for the same facies.

Unlike the ST classifications, the ML facies show an inverse trend of variability accord-
ing to pansharpening. The pansharpened subsets report slightly higher cumulative average
variances for the GS and HCS subsets (0.10 and 0.11 km?) than the non-pansharpened
subsets (0.09 km?2). Within the individual subsets the QUAC delivers least variability.
Among the facies, dry snow retains maximum consistency across all processing schemes
with a variance in classified area of 0.02 km?. Glacier ice shows maximum variation at
0.19 km?.

4.1.2. Accuracy Yielded by Each Rule Set

Complete accuracy assessment for the classification is detailed in Supplementary Sheet S1.
Here, we aim to assess the classification results of the rule sets using the F1 score [44] as an
average of all processing schemes/subsets. The aim is to utilize the robustness of the F1
score to determine reliability of the classified surface facies and rule sets. This is followed
by the OA to delineate the order of reliable classification across both study areas and as
an average of both study areas. Figure 7 highlights the F1 score of the classified facies
averaged across all processing schemes for each rule set along with the respective deviation
from the mean.
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Figure 7. F1 score of each facies for the three rule sets as the mean of all processing schemes. The
error bars in blue highlight deviations from the mean F1 score indicating reliability of the rule sets for
the respective facies.

Overall observations suggest that rule set 3 delivered the best performance for both
study sites. In the case of Ny-Alesund classifications, it is observed that rule set 1 provides
the least variance in mapped facies. However, the inability of spectral information to isolate
fine features such as streams and crevasses is a major limiting factor. Rule set 2, which
primarily utilizes spatial and contextual information, is limited by the large variations in
performance across all processing schemes. An inference is possible here that different
preprocessing routines may influence the spatial and contextual characteristics of objects to
a greater extent than absolute spectral information. Unfortunately, this finding does not
extend to facies in the Chandra-Bhaga basin. Here, rule set 2 delivered the median variance
between rule set 1 and 3. The variance for the Chandra—Bhaga rule set 2 classification is less
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(0.06) than the Ny-Alesund rule set 2 classifications (0.16). The better performance of the
Chandra-Bhaga classifications suggests that fewer classes with better spectral separability
can result in better thematic classifications across all processing schemes by combining
spatial-spectral attributes. Hence, the implication from these results highlights the decrease
in impact of processing schemes on VHR imagery for facies with larger spectral separability
and a lower number of classes and by utilizing spatial-spectral attributes. Table 5 summa-
rizes the OA and the reliability orders for mapped facies and the study sites. The reliability
orders highlight the best combination of features (Table 3 and Supplementary Table S3)
that enabled mapping of the facies with the highest calculated accuracy.

Table 5. Overall accuracy (OA) of the classification of surface facies across both study sites using the
three rule sets. The OA is calculated as an average across all processing schemes. Reliability orders
based on the OA and variances represent the best rule set for mapping the individual facies.

Overall Accuracy (in %)

Rule Sets Ny-Alesund Chandra-Bhaga Basin
Rule Set 1 75.03 80.00
Rule Set 2 69.51 79.08
Rule Set 3 85.06 87.09
Facies Reliability Order
Dirty Ice rule set 3 > rule set 1 > rule set 2
Dry Snow rule set 1 > rule set 3 > rule set 2

Glacier Ice

rule set 3 > rule set 1 > rule set 2

Melting Glacier Ice

rule set 1 > rule set 3 > rule set 2

Ny-Alesund Melting Snow

rule set 3 > rule set 1 > rule set 2

Saturated Snow

rule set 3 > rule set 1 > rule set 2

Shadowed Snow

rule set 1 = rule set 3 > rule set 2

Streams and Crevasses

rule set 3 > rule set 2 > rule set 1

Wet Snow rule set 3 > rule set 1 > rule set 2

Snow rule set 3 > rule set 1 > rule set 2.

Shadowed Snow rule set 2 = rule set 3 > rule set 1

Chandra-Bhaga Ice-Mixed Debris rule set 3 > rule set 1 > rule set 2
Basin Glacier Ice rule set 3 > rule set 1 > rule set 2
Debris rule set 3 > rule set 1 > rule set 2

Crevasses rule set 3 > rule set 1 = rule set 2

4.1.3. Variable Effect of Atmospheric Corrections

Figure 8 highlights the error rate yielded by each rule set for the atmospherically
corrected image subsets. Rule set 3 delivers the most consistent performance, i.e., the
lowest error rate except for the Himalaya FLAASH_Rule Set 1 classification. The com-
mon highest error rate was observed for both the Ny-Alesund QUAC_Rule Set 1 and
Ny-Alesund FLAASH_Rule Set 2 classifications. When based upon variances in the
performance of processing schemes, the reliability order of atmospheric corrections is
DOS > FLAASH > QUAC.
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Error Rate: Atmospheric Corrections

Rule Set 1 14.52

Rule Set 2

Rule Set 3

# DOS Ny-Alesund DOS Himalaya # QUAC Ny-Alesund
= QUAC Himalaya = FLAASH Ny-Alesund = FLAASH Himalaya

Inner Circle: Rule Set 1 Middle Circle: Rule Set 2 Outer Circle: Rule Set 3

Figure 8. Error rates (in %) of the rule sets for the atmospheric corrections presented as a donut
diagram. Inner circle: rule set 1, middle circle: rule set 2, and outer circle: rule set 3.

Rule set 3 delivers the most consistent performance, i.e., the lowest error rate except
for the Himalaya FLAASH_Rule Set 1 classification. The common highest error rate was
observed for both the Ny—Alesund QUAC_Rule Set 1 and Ny—Alesund FLAASH_Rule Set
2 classifications. When based upon variances in performance of processing schemes, the
reliability order of atmospheric corrections is DOS > FLAASH > QUAC. The reliability of in-
dividual rule sets based upon the error rate is Ny-Alesund QUAC_Rule Set 3 > Ny-Alesund
DOS_Rule Set 3 = Ny-Alesund FLAASH_Rule Set 3 > Ny-Alesund DOS_Rule Set 2 > Ny-
Alesund QUAC_Rule Set 2 > Himalaya DOS_Rule Set 3 > Himalaya FLAASH_Rule Set 1 >
Himalaya DOS_Rule Set 2 = Himalaya QUAC_Rule Set 2 = Himalaya QUAC_Rule Set 3 >
Himalaya QUAC_Rule Set 1 > Ny-Alesund FLAASH_Rule Set 1 > Himalaya FLAASH_Rule
Set 3> Ny-Alesund DOS_Rule Set 1 = Himalaya DOS_Rule Set 1 = Himalaya FLAASH_Rule
Set 2 > Ny-Alesund QUAC_Rule Set 1 = Ny-Alesund FLAASH_Rule Set 2.

These findings imply that when combining spatial-spectral properties of objects, the
DOS correction is sufficient for deriving reliable and accurate thematic classifications.
FLAASH is most useful when the mapping procedure relies purely on spectral information.
QUAC and DOS deliver similar performances for rule set 2, and this suggests that GEOBIA
relying heavily on spatial properties between objects would benefit from simpler corrections.
In a comparative assessment using GEOBIA for mapping benthic habitats, Siregar et al. [45]
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suggested that the difference between FLAASH corrected and noncorrected classification is
not significant. However, the profile used to highlight post correction spectral signatures
highlights that the range of reflectance was not resampled from 0 to 1. Moreover, as the
classification was performed using support vector machines (SVM) post segmentation, a
comparison between rule-set-based classification is difficult. While the high performance of
the DOS correction in the current study does not agree with the findings of Phiri et al. [46],
it is likely because the current study utilizes rule sets rather than a classification algorithm
(such as random forest) to classify segmented objects. Moreover, the superior performance
of DOS is due to the combination of spatial and spectral properties, whereas FLAASH
performs better for only spectral properties. This is important because where PBIA relies
solely on spectral properties, GEOBIA can utilize spatial-spectral properties to overcome
computational loads of complex atmospheric corrections.

4.1.4. Impact of Pansharpening

Table 6 depicts the average performance of pansharpened imagery across all three rule
sets utilizing the OA as the assessing measure. Figure 9 highlights the OA for pansharpened,
and non-sharpened images averaged across all the rule sets.

Table 6. Comparative performance of pansharpened and non-pansharpened subsets according to
each rule set using the average overall accuracy across both study areas. Values of the best performing
rule sets in each processing subset are emboldened and italicized.

Gs HCS
Rule Sets Dos QUAC  FLAASH — ¢ QUAC FLAASH  DOS QUAC  FLAASH
Rule Set 1 76.67 77.78 81.11 75.84 78.34 76.11 7333 78.62 79.85
RuleSet2 8473 83.62 76.12 75.84 76.95 7222 69.45 69.45 60.28
RuleSet3 8719 86.39 83.61 85.00 85.00 89.45 87.50 88.62 81.95

Considering rule set 1, neither GS nor HCS enhanced the OA for DOS and FLAASH
subsets. HCS and GS added minor accuracy improvements to the QUAC subsets. Rule
set 2 displayed the greatest loss in performance after pansharpening. The HCS_FLAASH
reduced in performance by 15.84%. This is a significant decrease in OA. However, rule
set 3 classifications showed enhancements in the OA of GS_FLAASH, HCS_DOS, and
HCS_QUAC. Averaging across rule sets, the performance trend for the pansharpened sub-
sets is GS_QUAC > GS_FLAASH > GS_DOS = HCS_QUAC > HCS_DOS > HCS_FLAASH.
Overall comparison between pansharpening algorithms suggest that GS > HCS. Of all
pansharpened image rule sets, rule set 3 delivered maximum performance and rule set 2
was the most inaccurate. This is surprising, as finer resolution can improve the contrast be-
tween image pixels, allowing for potentially better segregation of homogenous objects [47].
Rule set 2, which relies on the spatial distinction between objects, decreased in accuracy
after pansharpening. Gavankar and Ghosh [48] utilized HCS sharpened Ikonos imagery
to identify buildings in an urban setting. Buildings usually have consistent geometric
shapes; this consistency can be leveraged using shape parameters such as circulometry and
rectangulomtery [48]. A glacier’s surface does not contain consistent geometric patterns,
and this may indicate that segmentation of fine-resolution satellite data does not neces-
sarily translate to improved classification. In a post-earthquake GEOBIA-based mapping
application to identify damaged buildings and temporary relief sites, Omarzdeh et al. [49]
found that damaged buildings which have lost their consistent structure are difficult to
map. This inconsistency due to shape can also be detrimental for glacier facies mapping, as
developing rules to accurately depict textural variations in observed facies is a challenge.
Rule set 2 is testament to the challenges of spatial property-based mapping. The importance
of combined spatial-spectral characteristics is evident, as segmentation can compensate the
pansharpened image with high frequency information inserted during pansharpening [50].
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Figure 9. Overall-accuracy-based assessment of the performance of pansharpened vs. non-sharpened
classifications. The 3D surface summarizes the OA from all three rule sets for (a) DOS vs. GS_DOS
vs. HCS_DOS, (b) QUAC vs. GS_ QUAC vs. HCS_ QUAC, and (c) FLAASH vs. GS_FLAASH vs.
HCS_FLAASH.

4.2. Discussion

In the quest of mapping earth features through GEOBIA, the focus is usually on
multi-level /scale segmentation to highlight finer features. Glacier surfaces have a variety
of undulating and disheveled features such as crevasses and debris which may necessitate
such segmentation. However, in the current study, we focused on attempting to adapt the
object features post segmentation to discern the visible surface facies. Utilizing only spectral
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information, streams and crevasses were not defined in any rule set 1 for Ny-Alesund. In
the case of Himalayan facies, crevasses were highlighted using all rule sets. This may be
because the crevasses in Himalayan facies are larger and more clearly discernible than in
Ny-Alesund. Mitkari et al. [23] found some rills that were misclassified with periglacial
debris in their multi-source GEOBIA approach on the Bara Shigri glacier. This is attributed
to the coarser scale of segmentation. In the current study, however, the finer streams and
crevasses were not classified using only spectral information. The contextual and spatial
attributes of rule set 2 and rule set 3 enabled the identification of streams and crevasses.
The standard deviation feature was most useful for discerning the minor streams and
crevasses. This may point towards certain spatial attributes that can overcome the spectral
constraints. Kim et al. [16] found that addition of the GLCM to multi-scale and single-scale
segmentation improved classification performance. Moreover, the same constraint was
found in the current study when mapping the same features using pansharpened images.
Dabiri et al. [51] utilized Landsat images to perform landslide mapping using thresholds
on indices and layer values in OBIA. However, due to acquisition of different images under
different illumination conditions, each image was assigned thresholds independently. In
the current study, differing processing routines cause a change in the derived reflectance
[paper 1]. This therefore implies that the thresholds and object features utilized must be
assigned accordingly. Each rule set for each processing scheme was assigned independently.
It is observed that the maximum variation in rule sets is required in processing schemes for
the Ny-Alesund image, whereas most of the Himalayan images were classified with similar
features, albeit with changes in the thresholds owing to changes in reflectance. This suggests
that fewer features and larger targets can be extracted with more stable rule sets using
changes in thresholds according to image and scene conditions. However, smaller features
necessitate more rigorous processing. Rastner et al. [9] found that pixel-based mapping
outperformed OBIA when detecting objects with single pixel size such as nunataks, narrow
ridges, and couloirs. However, their analysis was performed on Landsat ETM+, ASTER,
and Landsat TM imagery. In the case of the current study, the streams and crevasses in
Ny-Alesund were mapped using spatial attributes. A key finding is that improvement in
spatial resolution did not necessitate a change in segmentation parameters. Furthermore,
the same segmentation was applicable on all processing schemes, and this suggests that
irrespective of the processing routines the combination of ‘optimal” segmentation when
combined with adjusted spatial and spectral attributes is sufficient for mapping glacier
surface facies using VHR data.

In paper 1, we analyzed the variations induced by different processing routines in the
thematic classification of facies using conventional and advanced pixel-based classification
methods. In this study, we analyzed the impact of the same processing routines on GEOBIA
mapping of surface facies. In paper 1, the FLAASH algorithm performed the best, whereas
here, the DOS-based rule sets delivered superior performance. Pansharpening significantly
reduced reliability of PBIA, whereas it selectively improved overall performance in OBIA.
This highlights that segmentation and spatial-spectral attributes have a key advantage
over hard pixel classification using VHR VNIR satellite data.

Significances and Challenges

GEOBIA classifications can be categorized into (a) operator driven (rule sets) and
(b) operator assisted (classification algorithms). Johnson et al. [52] labels these groups as
knowledge driven and automated classification. In the current study, we focus on rule
sets because although semi-automated approaches are reported to be less subjective [52],
rigorous analysis of individual object characteristics to identify meaningful segmentation
and useful spatial-spectral features must be performed to gauge the quality of classification.
Rule sets can be described as an attempt to replicate logical patterns of image interpretation
from the human brain into classification operations [47]. The impact of processing routines
on the modification of rule sets presents an opportunity to identify necessary changes
in feature thresholds. The data of variation in thresholds, applicability of indices, and
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spectral information for each processing routine can also help drive the direction of semi-
automated classification. Deep learning approaches such as SVM [45] and random forest
(RF) [46] can be applied after OBIA to turn the classification into a semi-automatic process.
However, the selection of the preprocessing method, the collection of training data, and
the resultant goal of mapping facies using any GEOBIA method require a foundational
test of the impact of these methods. Rule sets offer the best capacity for object-by-object
analysis for many GEOBIA mapping applications and can be compared with results of
semi-automatic methods. In this study, each rule set was defined by carefully testing all
the parameters associated with the respective facies under consideration and the object
features that can enable clear delineation of the target. For Ny-Alesund, rule set 1 was not
capable of differentiating streams and crevasses. This class was misclassified between dirty
ice and saturated snow across all processing schemes. Enhancing spatial resolution did
not improve mapping of fine features, although the overall classification did improve in
cumulative accuracy. The variations in rule sets across processing schemes are found to
be greater when the number of surface facies are greater, and the classes have a greater
probability of spectral overlap. In such scenarios, scene-based adjustments are necessary
for more accurate mapping [53]. However, as demonstrated in this study, spatial attributes
may help overcome spectral complexities.

Shadowed areas in the Himalayan images were classified using an overlap of manually
digitized vector data. This was constant throughout the experiment. However, the same
issue did not arise in the classification of shadowed snow in Ny-Alesund. Unfortunately,
no index or mean threshold parameter was useful in delineating shadowed snow. This
is a persistent problem in mountain glacier classification [54]. Figure 10 displays the
spectral signatures of the shadowed areas on different points on the FLAASH subset
of the glaciers. Figure 11 presents the variations in spectral reflectance of each of the
processing schemes. In Figure 10, spectral pattern 2 shows a combination of saturated
snow and dry/wet snow. Spectral patterns 3 and 4 are combinations of wet snow, melting
snow, and saturated snow. Figure 10b highlights the variations in shadowed snow on
the ST glacier. Figure 10b spectral pattern 2 does not even follow the same trend in
reflectance. Patterns 1, 3, 4, and 5 vary in intensity, and these variations are significant
when derived on other processing schemes (Figure 11). Using the atmospheric corrections
in the current study, shadowed areas could not be divided into their constituent facies.
Ryan et al. [55] and Leidman et al. [56] noted that shadowed areas can cause overestimation
of darker classes. To avoid misclassification between streams and crevasses, dirty ice (the
facies with the lowest reflectance), and the snow facies within the shadow, all shadowed
areas were labelled as shadowed ‘snow’. Shadows induced by larger features present
challenges in the classification of smaller features lying within the shadow area. In such
cases, the presence of more spectral bands and operator innovation is necessary for creative
application of object features [49]. The aim of the current study is to focus on the impact of
basic image-processing routines on GEOBIA mapping of glacier facies. The time needed for
manual assignment of rules is immense. In this case, corrections for shadows were beyond
scope. Moreover, differentiating between glacier features under shadowed areas is more
problematic for large-scale mapping applications. Breaking down the component facies of
shadowed areas on many glaciers would be an engaging challenge for future experiments.
Ancillary layers have been used to supplement GEOBIA [19,23]. This study does not utilize
multi-source datasets and highlights the capabilities of a combination of object features to
map surface facies.
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Figure 10. Complex spectral patterns of the shadowed snow at different points on the glacier. Base
images are the FLAASH corrected images draped on the ArcticDEM for Ny-Alesund and ASTER
GDEM v2 for Chandra-Bhaga basin. Inset (a) 3D surface of glacier ML, (b) 3D surface of glacier ST.
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Figure 11. Spectral reflectance of shadowed snow derived across all processing schemes. The left
graph shows the reflectance of shadowed snow in Svalbard, whereas the graph on the right shows
the reflectance of shadowed snow in the Himalayas.

The Himalayan image shows a larger distribution of snow for its acquisition period.
Unfortunately, free precipitation data are not available to corroborate this snow cover with
a sudden precipitation event. Currently, free precipitation data for this region are only
available from 1901 to 2002 [57]. Estimation of snow cover areas (SCA) and the trend of
SCA variability for this region may help support any increase in snow cover during the
period of acquisition. Prior to this, it is important to distinguish between SCA and surface
facies mapping. SCA mapping is more often performed at a basin level or larger regional
scale encompassing a coarser resolution for analyzing spatial, hypsographic, and temporal
variability [58]. For example, the Moderate Resolution Imaging Spectroradiometer (MODIS)
global snow cover product MOD10CM outlines SCA at a spatial resolution of 5 km [59].
Glacier surface facies are all the zones of snow and ice which can be distinguished based
on visual and spectral properties. These facies are clearly visible at the end of the summer
season, when almost all the seasonal snow has disappeared. While SCA operations can
consider an entire glacier to be ‘snow’, facies mapping operations may divide snow into
dry, wet, melting, saturated, etc. At the basin level and larger, SCA is reported to have
substantially reduced [60]. However, at the sub-basin level, snow cover is reported to have
greater dynamicity [61]. Rathore et al. [61] analyzed SCA variability and accumulation
and ablation patterns using daily snow cover data from 2004 to 2014 for six sub-basins
of the Chenab basin, which include the Chandra and Bhaga basins of the current study.
The imagery used in the present study covers part of the Chandra and part of the Bhaga
sub-basins. Hence, the name used here is the Chandra-Bhaga (sub)basin of the current
study. Rathore et al. [61] observed an increasing trend in maximum snow cover during
the accumulation period. Sub-basins such as Ravi and Warwan showed greater variability
in the snow cover due to simultaneous accumulation and ablation, whereas the Chandra—
Bhaga area did not display such variability. The larger distribution in snow cover in
Chandra-Bhaga was attributed to the higher elevation of the sub-basin in comparison
to the others. The authors even observed full coverage of snow even at temperatures of
13 °C. This is suggested to be because of melt causing a reduction in thickness, but not
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area. Moreover, precipitation data collected using an all-weather station (AWS) in the
Bhaga basin suggests that rainfall (wet precipitation) is decreasing, whereas snowfall (dry
precipitation) is not. SCA for the month of October also highlights a greater distribution of
snow for the year 2014 than 2010-2013 [61]. Sahu and Gupta [62] report similar findings
for seasonal analysis of SCA in the Chandra basin from 2000-2017. The authors observed
that SCA begins increasing from September due to lower temperatures. This effectively
corroborates the large distribution of snow observed and classified in the Chandra-Bhaga
basin in the present study.

Unlike the Chandra—Bhaga basin, glaciers in Svalbard are experiencing accelerated
thinning [63,64]. The ML glacier in Ny-Alesund contains the longest record of observed
data [65]. The Equilibrium Line Altitude (ELA) determines the transition from accumulation
facies to ablation facies. Average elevation of the maximum snowline in summer can be
used as a representative ELA [65]. The various snow facies in the ML glacier identified
here comprise dry snow, wet snow, melting snow, saturated snow, and shadowed snow.
The facies are based on visual assessments and spectral characteristics with comparisons
against the literature [paper 1]. The image was acquired at the end of the ablation season
in August 2016, and this implies that most of the seasonal snow has disappeared, leaving
the full range of facies. As precipitation largely determines the ELA, it would be lower in
Ny—Alesund, as the region is closer to the coast [65,66]. The ELA estimated by Pelt et al. [65]
is available until 2012. Recently, Garg et al. [67] mapped radar facies at the same site. They
utilized the boundary of percolation/wet snow and clean ice as the ELA. Their analysis
was performed on seasonal data for the years 2016 to 2020. The year 2016 was marked by
an increase in winter season temperature and spring temperature. This invariably would
cause an increase in the melt of accumulated snow, thus increasing the amount of wet snow
adjacent to dry/perennial snow. This dry snow facies was not discernible in the observation
made by Garg et al. [67]. However, in the current study, dry snow was characterizable
using VHR multispectral characteristics and GEOBIA. The ELA is reported to be shifting
upward due to increasing temperature and reduced precipitation [67]. Precipitation data for
Ny-Alesund for the month and year of image acquisition [68] show no sudden precipitation
event prior to scene capture. This suggests that the facies maps and the rule sets are not
impacted by any sudden increase in snow.

Increasing temperature in glaciated areas also raises the necessity for identifying
and mapping permafrost. According to the National Snow and Ice Data Center (NSIDC),
permafrost is a layer of soil /rock, at some depth below the surface, where the temperature
has been continuously below 0 °C for a few years or where summer heat does not penetrate
to the basal layer of frozen ground [69]. Dabski [70] describes the presence of permafrost in
the periglacial and foreland area of a polythermal glacier. The author further highlights
the difficulty in discerning between glacial and periglacial domains in high mountain and
polar areas [71]. The primary mechanisms for identifying and measuring permafrost are
through physical assessments in boreholes, geophysical sounding, temperature logging,
and modelling [72]. As it is a subsurface phenomenon, permafrost can itself be difficult
to observe using RS data [60]. The observable surface phenomenon is the active layer
(lying above permafrost), which freezes, thaws, and refreezes seasonally. This layer can
be measured either directly or by interpolation of 0 °C isotherm derived from borehole
measurements [73,74]. Using data of mean annual ground temperature, depth of zero
annual amplitude, and active layer thickness from the Global Terrestrial Network for
Permafrost (GTN-P) database [75,76], Karjalainen et al. [77] predicted the risks of permafrost
thaw. Much of the data within the GTN-P database comes from the Thermal State of
Permafrost (TSP) Snapshot Borehole Inventory [78,79]. Westermann et al. [80] described two
methods for characterizing permafrost using remote observations: (a) mapping landforms
indicative of the presence of permafrost, and (b) characterizing and isolating physical
variables that correspond to thermal subsurface phenomena. This requires penetrative
radar to account for the freeze-thaw state and modelling of land surface temperature
(LST) [81]. In the current experiment, we only rely on VNIR VHR multispectral data and
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thus can neither model LST nor identify subsurface conditions. Incorporating complex
permafrost modelling into GEOBIA would be a challenge beyond the scope of the current
study. Currently, global permafrost zonation maps are available at a spatial resolution
of 1 km [81]. In this study, digitized glacial boundaries were used to extract the glaciers
from the study sites, and a 3D visualization of ice divides was used to ensure maximum
efficiency. Due to this, it was not necessary to isolate the glacial and periglacial margins.
However, the process of permafrost extraction using a combination of RS datasets can be a
promising, albeit challenging, direction.

We acknowledge the lack of field data for validation. However, the main aim of
the experiment was to test the impact that various processing routines have on the final
classification of glacier surface facies. The comparison between the SCA derived in the
current study against previous findings along with the equalized random sampling ap-
proach and rigorous analysis of performances aid the robustness of the current study. As
travel restrictions due to the COVID-19 pandemic did not permit a field campaign during
the experiment, visual and spectral characteristics of facies were compared against the
literature for their validity [21] (paper 1). A major limitation is the time needed to manually
adjust rule sets for each processing scheme. Nevertheless, this works to our advantage in
analyzing the implementation of GEOBIA for specific processing schemes. To the best of
our knowledge, no study has yet tested the impacts of various processing schemes and rule
sets on the thematic classification of glacier surface facies using GEOBIA. An important
part of GEOBIA is the transferability of methods. Through the current study, we infer that
even for the same sensor over the same glacier, the influence of processing routines dictates
the thresholds of spectral features. However, the segmentation parameters tested here may
be transferable, as they have consistently yielded optimal objects.

5. Conclusions

This study aimed to map glacier surface facies using a multi-rule set GEOBIA approach
utilizing varying image-processing schemes to test the robustness of segmentation and
reliability of rule sets. Three atmospheric corrections and two pansharpening algorithms
were tested on VHR VNIR WV-2 for Ny-Alesund and Chandra-Bhaga basin, Himalaya. The
atmospheric correction methods included DOS, QUAC, and FLAASH. The pansharpening
methods included GS and HCS. The selected segmentation parameters delivered consistent
results across all processing schemes. A series of object features were identified to create
three rule sets. Rule set 1 focused on only spectral information and rule set 2 relied
on contextual and inter-object features, whereas rule set 3 combined both spatial and
spectral information. Among the atmospheric corrections, DOS delivered the highest
overall accuracy, followed by QUAC, and lastly FLAASH. Pansharpening improved overall
performance with GS delivering greater accuracy than HCS. For the Ny-Alesund glaciers,
dirty ice, glacier ice, saturated snow, melting snow, wet snow, and streams and crevasses
were best mapped by rule set 3, whereas dry snow and melting glacier ice were best
mapped by rule set 1. For the Chandra—Bhaga basin glaciers, all facies were best mapped
by rule set 3.

The current study highlights the requirement of selection of segmentation parameters.
The incorporation of thresholds differed across rule sets, indicating a more processing-
focused, in-scene, and image-specific approach for mapping applications of surface facies.
Nevertheless, the segmentation parameters may be transferable to other VHR VNIR data.
GEOBIA offers the capability of combining spatial-spectral attributes to glacier surface
facies mapping, which can transcend the distortions in performance induced in PBIA by
variable processing routines. Moreover, the classification is performed entirely devoid of
ancillary data such as slope and temperature, enabling a much deeper understanding of
the potential of VHR VNIR data for mapping glacier surface facies.
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Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/rs14174403/s1, Table S1: The selected glaciers of the study, their
areal extents, and GLIMS reference IDs. The extents were calculated from the delineated shapefiles
using the geometry calculator in ArcGIS; Table S2: Spectral-band-wise at-sensor reflectance values
of selected dark pixels for input into DOS correction module in ENVI 5.3. Table S3: Stepwise rule
sets and threshold delineation for each processing scheme for both study sites. The ratios used here
are highlighted in Table 2. Table S4: Measures of accuracy used in the current study. TP: samples
are those that are in the positive class and are correctly classified, TN: samples that are correctly
classified as negative, FP: samples that are not truly of the positive class but are incorrectly mapped
as positive. FN: samples that are mapped as negative when they are positive. Sheet S1: Precision,
recall, specificity, F1 score. Overall accuracy (OA), error rate (ER) for each processing scheme, rule
sets, facies, and both study sites.
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Abstract: Fundamental image processing methods, such as atmospheric corrections and pansharpen-
ing, influence the signal of the pixel. This morphs the spectral signature of target features causing
a change in both the final spectra and the way different mapping methods may assign thematic
classes. In the current study, we aim to identify the variations induced by popular image processing
methods in the spectral reflectance and final thematic maps of facies. To this end, we have tested
three different atmospheric corrections: (a) Quick Atmospheric Correction (QUAC), (b) Dark Object
Subtraction (DOS), and (c) Fast Line-of-Sight Atmospheric Analysis of Hypercubes (FLAASH), and
two pansharpening methods: (a) Hyperspherical Color Sharpening (HCS) and (b) Gram—Schmidt
(GS). WorldView-2 and WorldView-3 satellite images over Chandra-Bhaga Basin, Himalaya, and Ny-
Alesund, Svalbard are tested via spectral subsets in traditional (BGRN1), unconventional (CYRN2),
visible to near-infrared (VNIR), and the complete available spectrum (VNIR_SWIR). Thematic map-
ping was comparatively performed using 12 pixel-based (PBIA) algorithms and 3 object-based
(GEOBIA) rule sets. Thus, we test the impact of varying image processing routines, effectiveness of
specific spectral bands, utility of PBIA, and versatility of GEOBIA for mapping facies. Our findings
suggest that the image processing routines exert an extreme impact on the end spectral reflectance.
DOS delivers the most reliable performance (overall accuracy = 0.64) averaged across all processing
schemes. GEOBIA delivers much higher accuracy when the QUAC correction is employed and
if the image is enhanced by GS pansharpening (overall accuracy = 0.79). SWIR bands have not
enhanced the classification results and VNIR band combination yields superior performance (overall
accuracy = 0.59). The maximum likelihood classifier (PBIA) delivers consistent and reliable perfor-
mance (overall accuracy = 0.61) across all processing schemes and can be used after DOS correction
without pansharpening, as it deteriorates spectral information. GEOBIA appears to be robust against
modulations in atmospheric corrections but is enhanced by pansharpening. When utilizing GEO-
BIA, we find that a combination of spatial and spectral object features (rule set 3) delivers the best
performance (overall accuracy = 0.86), rather than relying only on spectral (rule set 1) or spatial
(rule set 2) object features. The multiresolution segmentation parameters used here may be trans-
ferable to other very high resolution (VHR) VNIR mapping of facies as it yielded consistent objects
across all processing schemes.

Keywords: surface facies of glaciers; pixel-based image analysis; geographic object-based image
analysis; atmospheric corrections; pansharpening; image processing routines
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1. Introduction

Glaciological zones are areas of differentiated snow and compact ice that form because
of the natural accumulation and ablation processes of a glacier. These zones, also known
as facies, when viewed on the surface of the glacier, can be called glacier surface facies.
Facies vary according to the season and local weather. A glacier reveals its complete set
of facies at the very end of the melting season. Each facies varies in terms of its physical
properties. The presence of moisture, stage of melt, mixing of impurities, dust, debris,
and anthropogenic particulates all contribute to the kind of spectral response produced by
each facies. Accurate spatial mapping of glacier facies can act as an input for calibrating
distributed mass balance models [1]. Multispectral sensors which can detect the spectral
response patterns of these facies provide an immense source of data at various levels of
resolution. However, to utilize the potential of multispectral sensors for mapping glacier
surface facies, a thorough evaluation of popular preprocessing routines is necessary to
determine the appropriate methodology for the application. The current study aims to
map glacier surface facies on selected glaciers of Chandra-Bhaga Basin, Himalaya, and
Ny-Alesund, Svalbard, using a variety of preprocessing routines and classification methods.
The primary goal is to identify the variations in the final thematic mapping of glacier
surface facies due to different processing methods. The broader purpose is to determine
the best processing method for specific facies and spectral bands across processing routines
and classification techniques using very high-resolution imagery.

Extraction of surface facies has been demonstrated using methods incorporating data
from a single sensor [2-5] as well as multiple sensors and data products [6-11]. Many of
the persistent problems of mapping mountain glaciers revolve around solving the spectral
complexities of supraglacial debris [6,12-14]. Debris characterization utilizes the shortwave
infrared (SWIR), visible to near infrared (VNIR), and thermal infrared (TIR) range of optical
satellite data [15]. Elevation from Digital Elevation Models (DEMs) is also demonstrated to
be useful for adjusting the topographic effects on observable debris properties [6]. However,
the supraglacial surface including facies such as ice mixed debris, dirty ice, and debris have
been mapped using only the VNIR spectrum [3,16]. Pope and Rees [16] mapped the glacier
facies on the Midtre Lovénbreen glacier using Airborne Thematic Mapper (ATM) imagery,
field spectra, and Landsat ETM+ imagery by developing linear combinations (LCs) of
principal components (PCs) of the spectral signatures. While this study does utilize ATM
data, much of the mapping is performed using the VNIR spectrum. In Pope and Rees [7],
the authors assessed the effects of radiometric, spectral, spatial, and properties of various
sensors using resampled ATM imagery. While they found that enhanced spatial resolution
does not necessarily improve mapping, Paul et al. [17] suggested that improved resolution
would deliver better final thematic products. However, Jawak et al. [18] tested the impact
that enhanced spatial resolution can have on conventional and advanced pixel-based image
analysis (PBIA) for mapping facies using very high resolution (VHR) Worldview-2 (WV-2)
satellite data. Their results suggest that pansharpening does not improve end classification.
Moreover, spectral signatures of facies derived from pansharpened methods showed a
decrease in overall intensity of reflectance. VHR imagery based PBIA classification itself,
however, is subject to the problems of misclassification, salt, and pepper effect, and even
data redundancy [19].

Geographic object-based image analysis (GEOBIA) is demonstrated to overcome the
problems associated with VHR imagery by segmenting the image into objects for improving
feature separability based on the assigned scale factors [20]. Comparative analysis of
PBIA and GEOBIA highlights the effectiveness of GEOBIA for retrieving highly accurate
thematic classification [21]. GEOBIA also provides an efficient structure for adding ancillary
information to extract maximum features from the primary data. As demonstrated by
Mitkari et al. [22], debris cover is efficiently mapped through GEOBIA using a multi-scale
segmentation approach using ancillary data for identifying glacial lakes, minor features
such as debris cones, rills, and other features such as crevasses, exposed ice, snow, ice mixed
debris, and supraglacial debris. GEOBIA permits arithmetic operations on its segmented
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objects; this enables application of band ratios [23] and customized spectral indices [3].
Every information extraction method relies on interpretable data derived from the primary
imagery, which can be enhanced and/or supplemented by ancillary data. However, as
demonstrated in Jawak et al. [3], the primary image when preprocessed using different
atmospheric correction and pansharpening methods, yields significantly distinct results.
While GEOBIA may overcome salt and pepper effects, the changes induced in the spectral
response of each object due to varying processing routines are yet to be fully tested.

Accurate retrieval of spectral reflectance relies upon reliable removal of atmospheric
effects [24]. With many atmospheric correction methods available today, selection of the
most appropriate method trickles down to the specific application under focus [25]. Fast
Line-of-Sight Atmospheric Analysis of Hypercubes (FLAASH) correction is a method
which models the atmosphere along with correcting the scattering from adjacent pixels
into the field-of-view (FOV) [26]. However, comparative studies between atmospheric
corrections have found that, although FLAASH may be slightly more accurate than the
quick atmospheric correction (QUAC), QUAC is more efficient and generalizable [27]. Dark
Object Subtraction (DOS) is found to be more useful for features with low to medium
reflectivity [28]. Glacier surfaces contain a range of features ranging from high to low
reflectivity. The key question then here is: can DOS correction identify some facies better
than others? Mandanici et al. [29] compared the QUAC, FLAASH, DOS, Empirical Line,
and 6S methods and found that a single most accurate method could not be identified.
Moreover, in their results, the methods performed variably across different classification
methods. This indicates that the combination of an atmospheric correction and classification
method is also crucial for accurate mapping of the target feature. Utilizing WV-2 imagery,
Eugenio et al. [30] highlighted that model-based methods such as FLAASH and 6S are
more useful in spectrally complex environments. However, glaciers have been mapped
individually using QUAC [31], DOS [32], and FLAASH [33]. This indicates that there is a
gap in the knowledge of how different atmospheric corrections and mapping/classification
methods may impact the extraction of glacier facies. Moreover, pansharpening is not only
performed to improve the spatial resolution of multispectral bands, but also to enhance
spectral information by unmixing coarse multispectral data using the finer panchromatic
(PAN) data [34]. This in turn emphasizes the need for appropriate pansharpening methods
based on the targeted application. While the Gram—Schmidt (GS) has been shown to
retain better spectral information [35], the Hyperspherical Color Sharpening (HCS) was
developed for VHR WorldView-2 (WV-2) imagery. Furthermore, while the GS has been
used to supplement boundary digitization for extracting glaciers [3], it has not been directly
tested for mapping facies. Furthermore, the compounding effects of different atmospheric
corrections and pansharpening methods have not been tested using different mapping
methods for extracting facies. This poses an interesting area of research which is attempted
by the current study.

The general recommendation for selection of atmospheric correction methods and
pansharpening centers on the specific application of the study [25,36]. VNIR based PBIA
using multiple processing routines is discussed in Jawak et al. [18] (henceforward referred
to as Paper 1). In Paper 1, it was observed that FLAASH delivers consistent results across
the processing schemes, whereas pansharpening by HCS and GS degraded the classification
results. In Paper 2 [37], which focuses on VNIR based GEOBIA, it was observed that the
DQOS correction delivers superior results, and pansharpening improves the classification
results, with the GS outperforming HCS. While these results can be tested for VHR VNIR
based approaches, a more robust analysis would require testing the effects of SWIR bands
and different spectral band combinations to clearly determine the best processing routines
for mapping facies using VHR multispectral imagery. The current experiment builds upon
Paper 1 and Paper 2 by conducting a comparative analysis of GEOBIA and PBIA using
multiple image processing routines for identifying surface facies Chandra-Bhaga Basin,
Indian Himalaya, and in Ny—Alesund, Svalbard.
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2. Study Area and Data Used

Study area 1 is the Norwegian archipelago of Svalbard which lies between 75° and
82°N. The rate of warming observed in this region is almost twice that of the global
mean [38]. This group of islands contains Ny-Alesund, an international research town
which possesses some of the most well studied glaciers. The glaciers tested here include
Austre Lovénbreen (AL), Vestre Broggerbreen (VB), Austre Broggerbreen (AB), Uvérsbreen
(UB), Edithbreen (EB), Midtre Lovénbreen (ML), Pedersenbreen (PB), and Botnfjellbreen
(BB). Study area 2 is the Chandra-Bhaga Basin, on the northern slopes of Pir-Panjal range of
Himalaya, in the Lahaul-Spiti valley of Himachal Pradesh, India [39,40]. It lies between
32°05’ to 32°45'N. This basin contains India’s Himalayan research base, Himansh. The
glaciers selected are CB1, CB2, CB3, CB4, CB5, CB6, and Samudra Tapu (ST). Figure 1
highlights the geospatial location of the study sites, whereas Supplementary Table S1
highlights the area of each glacier and their Global Land Ice Measurements from Space
(GLIMS) reference ID [41].
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Figure 1. Geographic location of the selected glaciers and the local geomorphology. The VHR
WorldView-2/3 imagery is imposed upon Sentinel 2A (10 m) imagery (Himalaya: Copernicus Sentinel
data 2021, processed by ESA; Svalbard: Copernicus Sentinel data 2022, processed by ESA). WorldView-
2/3 was obtained from Digital Globe, Inc., Westminster, CO, USA. Chandra-Bhaga Basin image:
WorldView-2 © 2014 Maxar; Ny-Alesund image: WorldView-3 © 2016 Maxar. Band display combi-
nation: Red—Band 2, Green—Band 3, Blue—Band 2. Inset maps outlining Himachal Pradesh, India, and
Svalbard were prepared using Natural Earth (Free vector and raster map data @ naturalearthdata.com).
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The primary data of this study are LV2A images from Digital Globe, Inc., Westminster,
CO, USA [42]. Table 1 describes the information on the spectral bands and ground sampling
distance (GSD) of the VHR images used in the present study.

Table 1. Spectral band names, wavelength ranges, ground sampling distances (GSD), and acquisition
dates of the primary images of the current study.

Worldview-2 (WV-2): 16 October 2014 WorldView-3 (WV-3): 10 August 2016
Name Wavelength (um) GSD Name Wavelength (um) GSD
PAN 0.45-0.80 0.46 m PAN 0.45-0.80 0.31m
Coastal 0.40-0.45 Coastal 0.40-0.45
Blue 0.45-0.51 Blue 0.45-0.51
Green 0.51-0.58 Green 0.51-0.58
Yellow 0.58-0.62 Yellow 0.58-0.62
Red 0.63-0.69 1.84m Red 0.63-0.69 124m
Red Edge 0.70-0.74 Red Edge 0.70-0.74
NIR 1 0.77-0.89 NIR 1 0.77-0.89
NIR 2 0.86-1.04 NIR 2 0.86-1.04
SWIR 1 1.19-1.22
SWIR 2 1.55-1.59
SWIR 3 1.64-1.68
SWIR 4 1.71-1.75
SWIR 5 214-218 3.7m
SWIR 6 2.18-2.22
SWIR 7 2.23-2.28
SWIR 8 2.29-2.36

The projection and datum of the Svalbard image are WGS 1984 UTM Zone 33N, and
the Himalayan image are WGS 1984 UTM Zone 43N. Elevation data consisted of 30 m
Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) and Global
Digital Elevation Model (GDEM) v2 [43] for the Chandra—Bhaga Basin, and 5 m Arctic
DEM [44,45] for Ny-Alesund.

3. Research Methodology
3.1. Summary of the Experiment

This study aimed to map glacier surface facies for selected glaciers in the Chandra—
Bhaga Basin, Indian Himalayas, and Ny-Alesund, Svalbard, using VNIR VHR WV-2/3
imagery. Three corrections, viz., DOS, FLAASH, and Quick Atmospheric Correction
(QUAC), were used to calculate reflectance, followed by image fusion using Hyperspherical
Color Sharpening (HCS) and Gram-Schmidt (GS). The processing schemes were then
converted into subsets with selected spectral band combinations (Figure 2).

The first subset uses the Blue, Green, Red, and NIR 1 (BGRN1) spectral bands. The
second subset uses the Coastal, Yellow, Red Edge, and NIR 2 (CYRN2) spectral bands. The
third subset uses the complete VNIR range, whereas the fourth subset uses the entire set
of spectral bands including the VNIR and SWIR (VNIR_SWIR). This resulted in 27 image
subsets for a single glacier in the Chandra-Bhaga Basin, and 36 image subsets for a single
glacier in Ny-Alesund. The glacier boundaries were delineated over 3D surface images
using Arctic DEM and ASTER GDEM v2, respectively. This was followed by visual and
spectral analysis to identify the surface facies. This was used to determine regions of interest
(ROI) for selecting training data as input into conventional and advanced PBIA classification
workflows. GEOBIA classification was then performed by segmenting the subsets using
common segmentation parameters. This was then followed by image classification using
three rule sets (Figure 2). Thus, the current study utilizes three atmospheric corrections,
two pansharpening methods, PBIA and GEOBIA classification algorithms to test the effects
of atmospheric corrections, pansharpening, and information extraction methods on the
classification of surface facies. Supplementary Table 52 summarizes the nomenclature used
in the current study.
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Figure 2. Highlights the broad design of the experiment. TOA: Top of Atmosphere; MSS: Mul-
tispectral; PAN: Panchromatic; DOS: Dark Object Subtraction; QUAC: Quick Atmospheric Cor-
rection; FLAASH: Fast-Line-of-Sight Atmospheric Analysis of Spectral Hypercubes; HCS: Hyper-
spherical Color Space; GS: Gram-Schmidt; SAM: Spectral Angle Mapper; MD: Minimum Dis-
tance; MXL: Maximum Likelihood; MHD: Mahalanobis Distance; WTA: Winner Takes All; MF:
Matched Filtering; MTTCIMF: Mixture-Tuned Target-Constrained Interference-Minimized Filter;
TCIME: Target-Constrained Interference-Minimized Filter; ACE: Adaptive Coherence Estimator;
CEM: Constrained Energy Minimization; OSP: Orthogonal Space Projection; MTMF: Mixture-Tuned
Matched Filtering.

3.2. The Preprocessing Routines
3.2.1. Atmospheric Correction

Conversion of raw pixel brightness to apparent reflectance is a dual-step process,
which comprises: (1) converting DNs to at-sensor radiance and (2) deriving apparent
reflectance using atmospheric correction. The first step was performed through the radio-
metric calibration module in Environment for Visualizing Images (ENVI) 5.3. The three
atmospheric correction models are described as follows. The FLAASH correction algorithm
requires: (1) retrieval of atmospheric parameters which include aerosol description and
water column amount; (2) using aerosol description and model atmosphere to calculate
reflectance from radiance using the radiative transfer code [46]. Atmospheric model and
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aerosol description [47,48] were defined as prescribed by Abreu and Anderson [49]. Table 2
displays automatically computed and user-defined parameters which are necessary for
executing FLAASH for the images of each study area.

Table 2. Input parameters for FLAASH atmospheric correction.

Parameter Chandra-Bhaga Basin Ny-Alesund Computation
Flight date 16 October 2014 10 August 2018 Imagery metadata
Scene center location Lat: 32.5324 Lat: 78.8816 Automatic computation
Long: 77.4175 Long: 12.0734

GMT 5.6825 12.7456 User-defined
Sensor altitude (km) 770 770 Automatic computation
View zenith angle (degrees) 180.00 180.00 Automatic computation

Initial visibility (km) 40.00 40.00 User-defined

Atmospheric model
Aerosol model
Water column multiplier
Pixel size (m)
Aerosol scale height
CO2 mixing ratio (ppm)

1 (Tropical)
6 (Tropospheric)
1.00

4 (Subarctic Summer) User-defined [49]
4 (Maritime) User-defined [49]
1.00 Automatic computation

2.00 0.90 Automatic computation
1.50 1.50 Automatic computation
390.00 390.00 Automatic computation

The DOS correction functions upon the principle that atmospheric scattering upwells
path radiance in the darkest pixels of an image [50]. Removal of this upwelling into the
path radiance can be performed using the value of a single dark pixel [51]. Following Paper
1, Paper 2, and Rumora et al. [52], Top of Atmosphere (TOA) reflectance values of user
defined dark pixels (Table 3) were used as input to the DOS correction. (3) Similar to DOS,
the QUAC model is an in-scene approach, utilizing no model computations, instead using
central wavelengths and the TOA radiance [53].

Table 3. TOA reflectance values of selected dark pixels for input into DOS module.

Mean at-Sensor Reflectance of Selected Dark Pixels

Wavelengths "
Ny-Alesund Chandra-Bhaga Basin
Coastal 0.09 0.17
Blue 0.06 0.14
Green 0.04 0.11
Yellow 0.03 0.09
Red 0.03 0.08
Red Edge 0.02 0.08
NIR1 0.01 0.06
NIR2 0.01 0.06
SWIR 1 0.00 -
SWIR 2 0.00 -
SWIR 3 0.00 -
SWIR 4 0.00 -
SWIR 5 0.00 -
SWIR 6 0.00 -
SWIR 7 0.00 -
SWIR 8 0.00 -

3.2.2. Pansharpening and Glacier Boundary Digitization

HCS replaces the intensity constituent of MS data in the hyperspherical color space
with the intensity form of the panchromatic band [54]. This was performed in ERDAS
IMAGINE. GS predicts the PAN data from the spectral response function of the sensor [55].
The suitability of generating a 3D surface to determine a glacier’s boundaries and ice divides
is demonstrated in previous studies [3,56]. Hence, the current study draped pansharpened
imagery over the ASTER GDEM v2 for the Chandra-Bhaga Basin, and Arctic DEM for
Ny-Alesund, to observe and digitize glacial boundaries. These boundaries were then used
to extract the individual glaciers from the entire scene of the study areas.
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3.2.3. Identifying Glacier Surface Facies

Surface facies were identified on the selected glaciers using visual and spectral char-
acteristics. An in-depth analysis of the characteristics and extraction of VNIR spectral
signatures is described in Jawak et al. [3], Paper 1 and Paper 2. The logic following the
identification of facies is the reduction in reflectance due to mixing of dust, debris, and
moisture, along with comparison against literature performed previously [3], Paper 1.
Facies identified in Ny-Alesund images consist of wet snow, melting snow, dry snow,
saturated snow, shadowed snow, melting glacier ice, glacier ice, streams and crevasses, and
dirty ice. Facies observed in the Chandra-Bhaga Basin image consist of snow, shadowed
snow, ice mixed debris, glacier ice, crevasses, and debris.

In this paper, the spectral signatures are highlighted in Figures 3 and 4. For the Ny-Alesund
facies, inclusion of SWIR bands only added a marginal average of 0.20 in the reflectance of dry
snow in the SWIR 1 band. This varied by 0.04 across all processing schemes. SWIR 4 added
an average of 0.02, whereas SWIR 7 and SWIR 8 each delivered an average reflectance of 0.01
each for dry snow. Wet snow showed an average reflectance of 0.06, melting snow displayed
0.08, saturated snow delivered 0.03, glacier ice delivered 0.04, melting glacier ice showed 0.01,
and streams and crevasses showed 0.01 in SWIR 1 across all processing schemes. SWIR bands 2
to 8 showed reflectance of 0.00 across all facies and processing schemes, whereas dirty ice and
shadowed snow delivered no response in any SWIR band.

Dry Snow Wet Snow Melting Snow
1 1 1
0.8 0.8 0.8
0.6 0.6 0.6
0.4 0.4 0.4
0.2 0.2 0.2
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Figure 3. Difference in spectral response of facies in Svalbard for the processing schemes. 2: Band 2 = Blue;
4: Band 4 = Yellow; 6: Band 6 = Red Edge; 8: Band 8 = NIR 2; 10: Band 10 = SWIR 2; 12: Band 12 = SWIR 4;
14: Band 14 = SWIR 6; 16: Band 16 = SWIR 8.
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Figure 4. Difference in spectral response of facies in Chandra-Bhaga Basin for the processing schemes.
1: Band 1 = Coastal; 2: Band 2 = Blue; 3: Band 3 = Green; 4: Band 4 = Yellow; 5: Band 5 = Red; 6: Band
6 = Red Edge; 7: Band 7 = NIR 1; 8: Band 8 = NIR 2.

3.3. Mapping Facies Using Conventional and Advanced Pixel-Based Image Analysis (PBIA)

As highlighted in Paper 1, classifications such as that performed by Pope and Rees [16]
provide an excellent basis for comparative analysis between the results of the current study
and their findings. However, as they utilized the ISODATA classification algorithm, and
an Airborne Thematic Mapper (ATM), their results need to be compared against other
classifications of facies in a similar area, like the results of Luis and Singh [2]. Supervised
classification algorithms of facies maps have been shown to yield high accuracies [3,57,58].
This study utilizes the Minimum Distance to Mean (MD), Maximum Likelihood (MXL),
Spectral Angle Mapper (SAM), Mahalanobis Distance (MHD), and Winner Takes All (WTA),
Constrained Energy Minimization (CEM), Mixture-Tuned Matched Filtering (MTMF),
Mixture-Tuned Target-Constrained Interference-Minimized Filter (MTTCIMF), Matched
Filtering (MF), Orthogonal Space Projection (OSP), Adaptive Coherence Estimator (ACE),
and Target-Constrained Interference-Minimized Filter (TCIMF). All classifiers are available
in ENVI under the Terrain Categorization (TERCAT) and Target Detection (TD) workflows.
Paper 1 describes each classification algorithm in detail. The current paper improves upon
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previous work by testing the classification algorithms for their classification results using
all image subsets and processing schemes.

PBIA necessitates: (a) Assigning training data; and (b) Input to classification algo-
rithms. Training data were extracted through analysis of the visual and spectral characteris-
tics of target facie using Polygonal regions of interest (ROIs) (Paper 1). The MTTCIMF, MF,
and MTMF required a minimum noise fraction (MNF) transformation before classification.
Algorithms that did not require this transformation were classified directly after insertion
of the image and associated ROIs. Default parameters were left unchanged, and post-
classification enhancement was avoided to negate unintentional bias. Hence, as performed
by Jawak et al. [3], stretch (square root) and rule thresholds (0.4) were common throughout
the PBIA process.

3.4. Mapping Facies Using a Geographic Object-Based Image Analysis (GEOBIA)
3.4.1. Multiresolution Segmentation

In this study, we utilize the multiresolution segmentation [59] algorithm in the eCog-
nition Developer. Multiresolution segmentation is an iterative process that begins by
aggregating highly correlated adjacent pixels into objects. This cycle repeats until the
conditions set by the scale parameter, shape/color, and compactness are satisfied [60]. The
scale parameter determines the size of the resultant objects, whereas shape regulates the
influence of spectral characteristics [60]. The parameter values and layer weights used for
segmentation are described in Table 4. NIR 1 was assigned the maximum weight as it is
most impacted by moisture enabling greater spectral differentiation. The other layers were
weighed one at a time in a repeated iterative process to determine the best weight to deliver
meaningful objects. The same layer weights were used for all the image subsets regard-
less of the processing scheme. This invariably suggests that the scale parameter, shape,
and compactness values set here have resulted in consistent objects across all processing
schemes. This suggests that, for VHR imagery, layer weights may be less impactful for
segmentation than the primary parameters. The parameters delivered consistent results
across both study areas indicating the potential transferability to VHR images of other
glaciated areas.

Table 4. Parameters used to implement multiresolution segmentation.

Layer Weights
VNIR_SWIR Value VNIR Value BGRN1 Value CYRN2 Value
Coastal 1 Coastal 1 Coastal 1
Blue 2 Blue 2 Blue 2
Green 2 Green 2 Green 2
Yellow 2 Yellow 2 Yellow 2
Red 1 Red 1 Red 1
Red Edge 2 Red Edge 2 Red Edge 2
NIR 1 3 NIR 1 3 NIR 1 3
NIR 2 1 NIR 2 1 NIR 2 1
SWIR 1 1
SWIR 2 1
SWIR 3 1
SWIR 4 1
SWIR 5 1
SWIR 6 1
SWIR 7 1
SWIR 8 1
Common Object Parameters Value
Scale 5
Shape 0.9
Compactness 0.4
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3.4.2. Object Features and Rule Sets

In this study, several object features were identified which were incorporated into
rule sets for enabling classification. The features identified for classification are mean,
quantile, standard deviation, min. pixel value, max. pixel value, edge contrast of neigh-
bor pixels, number of overlapping thematic objects, relative border to, and customized
ratios/arithmetic features [61]. The rule sets incorporating these features are developed
based on a logic of testing the spectral and contextual features to determine how much
information and which features are more suitable for mapping surface facies across differ-
ent processing schemes. Three rule sets were defined, rule set 1 focused on incorporating
only spectral information, rule set 2 focused on using only spatial inter-object information,
and rule set 3 utilized both spatial and spectral attributes. Paper 2 describes the features
and rule sets used in the current study using the VNIR approach. Essentially, the same
features are used in the same rule sets for mapping the facies across all image subsets, with
substitutions made in the required bands. Considering the combination of CYRN2, Coastal
is used as a substitute for the blue band, yellow is used as a substitute for the green band,
red edge is used as a substitute for the red band, and NIR 2 is used as a substitute for the
NIR 1 band. The main contribution of SWIR bands was in the delineation of dirty ice. Only
SWIR 1 was found to be useful; the other SWIR bands did not provide any discernible signal
for target object identification. Table 5 contains the features used to classify objects into
specific facies classes. The table is adapted from Paper 2 (focused on VNIR) with additions
of the features used for BGRN1, CYRN2, and VNIR_SWIR spectral band combinations.

Table 5. Object features and the rule sets employing them for GEOBIA classification in the current study.

Rule Sets

Type of Feature Feature Name Features Tested in This Study

Rule Set 1 and 3

Rule Set 2 and 3

Rule Set 2 and 3
Rule Set 2 and 3
Rule Set 2 and 3
Rule Set 2 and 3
All three rule sets

Rule Set 2 and 3

Rule Set 1 and 3

Class-Related Features: Relations

Coastal, Blue, Green, Yellow, Red, Red Edge, NIR 1,
NIR 2, SWIR 1, Brightness, Max. difference
Quantile (Coastal), Quantile (Coastal), Quantile
(Blue), Quantile (Green), Quantile (Yellow), Quantile

Object Features: Layer Values Mean Value per Layer/Band

Object Features: Layer Values Quantile (50th percentile) (Red), Quantile (Red Edge), Quantile (NIR 1),
Quantile (NIR 2), Quantile (NIR 2),
Quantile (SWIR 1)

Object Features: Layer Values: Standard Deviation Coastal, Blue, Green, Yellow, Red, Red Edge, NIR 1,
Pixel-Based NIR 2, SWIR 1

Object Features: Layer Values: Minimum Pixel Value Coastal, Blue, Green, Yellow, Red, Red Edge, NIR 1,
Pixel-Based NIR 2, SWIR 1

Object Features: Layer Values: Maximum Pixel Value Coastal, Blue, Green, Yellow, Red, Red Edge, NIR 1,
Pixel-Based NIR 2, SWIR 1

Coastal (3), Blue (3), Green (3), Yellow (3), Red (3),
Red Edge (3), NIR 1 (3), NIR 2 (3), SWIR 1 (3)

Manual Digitized Layer of Shadowed Snow

Object Features: Layer Values:
Pixel-Based
Object Features: Number of Overlapping
Thematic Attributes Thematic Objects

Relative Border To Classified Objects

Edge Contrast of Neighbor Pixels

to Neighbor Objects
Customized Ratios (using Mean Value)
R_RE = (Red/Red Edge)
CB_CB = (Coastal — Blue)/(Coastal + Blue)
G_C = (Green)/(Coastal)

RC_RG = (Red/Coastal) * (Red /Green)
Max_Min_RE = (Max. pixel value Red Edge
— Min. pixel value Red Edge)

Y_C = (Yellow/Coastal)

C_G = (Coastal/Green)

R_C = (Red/Coastal)

C_NT1 = (Coastal/NIR 1)

G_RE = (Green/Red Edge)

R_B = (Red/Blue)

R_G = (Red/Green)

N2_Y = (NIR 2/ Yellow)

NI_R = (NIR 1/Red)

N1_N2 = (NIR 1/NIR 2)

CN2_CN2 = (Coastal — NIR 2)/(Coastal + NIR 2)
N1IN2_NIN2 = (NIR 1 — NIR 2)/(NIR 1 + NIR 2)
BN1_BS1 = (Blue — NIR 1)/(Blue + SWIR 1)
GN1_GS1 = (Green — NIR 1)/(Green + SWIR 1)
N1S1 = (NIR 1 — SWIR 1)/(NIR 1 + SWIR 1)

Object Features:

Customized Features Arithmetic Feature
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3.5. Accuracy Assessment

Logistical constraints in the field campaign to Svalbard, and harsh field conditions
in the month of image acquisition in the Himalaya prohibited ground truth collection.
Avoiding bias in the manual assignment of reference data, a total of 1160 points were
selected in an equalized random-sampling approach [5,62] to determine the accuracy of
the thematic results. Error matrices were generated to calculate measures such as precision,
recall, F1 score, overall accuracy (OA), error rate and specificity [63]. While error rate is
calculated as “1-OA’, Supplementary Table S2 highlights the mathematical equations of
the measures.

4. Results and Discussion
4.1. Pixel-Based Image Analysis

We first present the PBIA results of all band combinations across processing schemes
using the F1 score as the harmonic mean of recall and precision. The performance of
the classifiers is presented as an average across both study areas and processing schemes
in Table 6.

Table 6. Performance of PBIA in the current study averaged across all processing schemes for each
subset using the F1 score. The values of the best performing classifiers are highlighted in bold
and italicized.

Spectral Band Combinations

Classifier Average
BGRN1 CYRN2 VNIR VNIR_SWIR

ACE 0.35 0.34 0.37 0.36 0.36
CEM 0.23 0.22 0.23 0.22 0.23
MF 0.13 0.22 0.25 0.23 0.21
MTMF 0.10 0.12 0.15 0.14 0.13
MTTCIMF 0.10 0.10 0.12 0.12 0.11
OSP 0.14 0.09 0.12 0.12 0.12
TCIMF 0.39 0.13 0.16 0.16 0.21
MHD 0.48 0.38 0.42 0.41 0.42
MXL 0.29 0.47 0.50 0.49 0.44
MD 0.22 0.27 0.31 0.30 0.28
SAM 0.44 0.21 0.25 0.25 0.29
WTA 0.44 0.43 0.46 0.45 0.45

For the BGRN1 combination, the best performing classifier was the MHD, whereas
the worst performing classifiers were the MTMF and MTTCIME. For the CYRN2 subsets,
the MXL was the best performing classifier, whereas the OSP delivered the lowest F1 score.
For the VNIR subsets, MXL delivered the highest F1 score of 0.50, whereas the lowest score
of 0.12 was obtained by MTTCIMF and OSP. For the VNIR_SWIR subsets, MXL delivered
the highest F1 score, while MTTCIMF and OSP delivered the lowest scores. On averaging
the scores across all band combinations, the MXL achieved the highest accuracy, whereas
the MTTCIMF achieved the lowest accuracy. The trend of PBIA classifier performance
across all processing schemes and image subsets is WTA > MXL > MHD > ACE > SAM
>MD > CEM > TCIMF = MF > MTMF > OSP > MTTCIME. The trend of accuracy among
image subsets based on average performance across all classifiers is VNIR = BGRN1 >
VNIR_SWIR > CYRN2.

4.1.1. Effect of Atmospheric Corrections on PBIA

The effect of atmospheric correction algorithms on the PBIA classifications of facies
using each band combination is presented here as an average of both study areas. The OA
is used here as a comparative measure. Table 7 displays the OA for all PBIA classifiers
across each image subset based on atmospheric corrections. For the DOS correction, ACE
has delivered an average OA of 0.61 across all image subsets. CEM and MF have produced
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an OA of 0.53, whereas MTMF has delivered an OA of 0.23. MTTCIMF has delivered an
OA of 0.02. OSP has yielded an OA of 0.28. TCIMF has performed at an OA of 0.22. MHD
produced an OA of 0.70, whereas MXL delivered an average OA of 0.76. MD and SAM
have produced OAs of 0.62 and 0.45. WTA yielded the maximum OA of 0.79.

Table 7. Performance of the classifiers according to each atmospheric correction across all image
subsets using OA as the evaluative measure. The values of the best performing classifiers are
highlighted in bold and italicized.

Comparison between Atmospheric Corrections Using Overall Accuracy

Classifier BGRN1 CYRN2 VNIR VNIR_SWIR
DOS FLAASH QUAC DOS FLAASH QUAC DOS FLAASH QUAC DOS FLAASH QUAC

ACE 0.60 0.47 0.55 0.60 0.46 0.55 0.63 0.47 0.59 0.62 0.46 0.58
CEM 0.53 0.36 0.35 0.51 0.35 0.35 0.55 0.38 0.37 0.52 0.37 0.36
MF 0.53 0.36 0.31 0.52 0.36 0.30 0.55 0.38 0.31 0.53 0.37 0.31
MTMEF 0.22 0.15 0.05 0.21 0.14 0.05 0.24 0.17 0.07 0.23 0.16 0.06
MTTCIMF 0.01 0.01 0.14 0.01 0.01 0.14 0.02 0.01 0.16 0.02 0.01 0.15
OSP 0.28 0.11 0.17 0.27 0.10 0.16 0.29 0.13 0.19 0.28 0.13 0.19
TCIMF 0.21 0.11 0.22 0.20 0.10 0.19 0.24 0.12 0.25 0.22 0.11 0.24
MHD 0.70 0.61 0.66 0.68 0.59 0.64 0.70 0.61 0.66 0.70 0.59 0.65
MXL 0.75 0.66 0.76 0.75 0.67 0.77 0.78 0.73 0.79 0.77 0.73 0.79
MD 0.62 0.61 0.46 0.61 0.60 0.45 0.64 0.64 0.48 0.62 0.63 0.48
SAM 0.44 0.33 0.37 0.43 0.32 0.36 0.46 0.35 0.38 0.45 0.34 0.37
WTA 0.79 0.72 0.71 0.77 0.73 0.71 0.81 0.73 0.73 0.78 0.73 0.72

For the FLAASH atmospheric correction, ACE delivered an average OA of 0.47 across
all image subsets. CEM and MF delivered OAs of 0.37 each, whereas MTMF delivered an
OA of 0.16. MTTCIMF yielded the lowest OA of 0.01, while OSP achieved an OA of 0.12.
TCIMF yielded an average OA of 0.11, and MHD delivered an OA of 0.60. MXL achieved
an OA of 0.70, whereas MD delivered 0.62. WTA delivered the highest OA of 0.73, whereas
SAM achieved 0.34. Among the QUAC corrected image subsets, ACE delivered an average
OA of 0.57, whereas CEM yielded an OA of 0.36. MF and MTMF achieved OAs of 0.31 and
0.06 each. MTTCIMF and OSP delivered OAs of 0.15 and 0.18 respectively. TCIMF yielded
an OA of 0.23. MXL delivered the highest OA of 0.78, whereas WTA yielded 0.72. MHD
and MD delivered OAs of 0.65 and 0.47, whereas SAM yielded an OA of 0.37, respectively.
Among the DOS subsets, all PBIA classifiers varied by 0.01. However, among the FLAASH
subsets, MXL delivered a maximum variance of 0.03, and MD yielded 0.02. A variance of
0.01 was achieved by CEM, MF, MTMF, OSP, TCIMF, MHD, and SAM. ACE, MTTCIMF
and WTA have delivered no variance in the resultant OAs. Among the QUAC subsets, ACE
and TCIMF varied in performance by 0.02, whereas MF yielded no variance among the
classified subsets. A common variance of 0.01 was achieved by CEM, MTME, MTTCIME,
OSP, MHD, MXL, MD, SAM, and WTA.

In summary, the trend of PBIA classifiers among the DOS subsets is WTA > MXL
> MHD > MD > ACE > CEM = MF > SAM > OSP > MTMF > TCIMF > MTTCIME. The
trend of PBIA performance among the QUAC subsets is MXL > WTA > MHD > ACE >
MD > SAM > CEM > MF > TCIMF > OSP > MTTCIMF > MTME. The trend of classifier
performance for the FLAASH subsets is WTA > MXL > MD > MHD > ACE > CEM = MF
>SAM > MTMF > OSP > TCIMF > MTTCIME. Among the atmospheric corrections, the
trend of performance based on average OAs across all processing schemes is DOS > QUAC
>FLAASH.

4.1.2. Effect of Pansharpening on PBIA

The effect of pansharpening algorithms on the PBIA classifications of facies using each
band combination is presented here as an average of both study areas. The ER is used here
as a comparative measure. Table 8 displays the ER for all PBIA classifiers across each image
subset based on methods of pansharpening.
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Table 8. Effect of pansharpening across each image subset based on average error rate. NP: Not
pansharpened, GS: Gram-Schmidt, HCS: Hyperspherical Color Sharpening. All the values are
calculated as averages across the atmospheric corrections.

Comparison between Pansharpening Methods Using Error Rate

Classifier BGRN1 CYRN2 VNIR VNIR_SWIR
NP GS HCS NP GS HCS NP GS HCS NP GS HCS
ACE 0.46 0.74 0.66 0.46 0.74 0.67 0.44 0.72 0.63 0.45 0.72 0.65
CEM 0.59 0.81 0.76 0.60 0.81 0.78 0.57 0.80 0.74 0.59 0.81 0.74
MEF 0.60 0.82 0.73 0.61 0.82 0.74 0.59 0.80 0.71 0.60 0.80 0.71
MTMF 0.86 0.85 0.81 0.87 0.86 0.81 0.85 0.82 0.78 0.85 0.83 0.79
MTTCIMF 0.95 0.91 0.73 0.95 0.92 0.74 0.94 0.89 0.71 0.94 0.90 0.72
OSP 0.82 0.87 0.84 0.83 0.89 0.85 0.80 0.86 0.82 0.80 0.86 0.83
TCIMF 0.82 0.87 0.77 0.84 0.88 0.78 0.80 0.85 0.75 0.81 0.86 0.76
MHD 0.35 0.66 0.56 0.36 0.67 0.58 0.35 0.66 0.56 0.36 0.67 0.58
MXL 0.28 0.62 0.60 0.27 0.62 0.61 0.24 0.59 0.57 0.24 0.60 0.58
MD 0.44 0.78 0.76 0.45 0.78 0.77 0.42 0.76 0.77 0.43 0.77 0.78
SAM 0.62 0.81 0.83 0.63 0.82 0.83 0.61 0.80 0.81 0.62 0.81 0.82
WTA 0.26 0.62 0.63 0.27 0.61 0.60 0.25 0.62 0.61 0.26 0.63 0.62

Among the BGRNI1 subsets, for the ACE classification, GS increased in error by
0.28, whereas CEM and MF increased in error by 0.22. Both OSP and TCIMF decreased
performance by 0.05. MXL and MD increased in error by 0.34, whereas MHD and SAM
showed an increase of 0.31 and 0.19, respectively. WTA has increased in error by 0.36.
However, MTMF and MTTCIMF decreased in error by 0.01 and 0.04. HCS resulted in
an increase in error by a maximum of 0.37 for WTA, whereas MXL and MD decreased in
performance by 0.34 each. MHD and SAM showed an increase in error by 0.21, respectively.
ACE and OSP increased in error by 0.2, whereas CEM and MF decreased in performance by
0.17 and 0.13. MTTCIMF and TCIMF improved in performance by 0.22 and 0.05. Among
the CYRN2 image subsets, for the ACE classification, GS and HCS caused an increase in
error by 0.28 and 0.21, respectively. For the CEM classification, GS reduces performance
by 0.21, and HCS by 0.18. For the MF classification, GS reduces performance by 0.21 and
HCS by 0.13. For the MTMEF classification, GS and HCS improve performance by 0.01 and
0.06. MTTCIMEF classes show an improvement in accuracy by 0.03 and 0.21 through the GS
and HCS sharpening. OSP classification reduced in error by 0.06 and 0.02 via the GS and
HCS sharpening, respectively. For the TCIMF classification, HCS improved accuracy by
0.06; however, GS reduced by 0.04. MHD classification reduces in performance by 0.31 and
0.22 using GS and HCS sharpening, respectively. For the MXL classification, GS and HCS
reduced performance by 0.35 and 0.34. For the MD classification, GS and HCS reduced
performance by 0.33 and 0.32. For the SAM classification, GS and HCS reduced accuracy by
0.19 and 0.20, respectively. For the WTA classification, GS and HCS decreased performance
by 0.34 and 0.33, respectively. Among the VNIR subsets, for the ACE classification, GS
and HCS reduced performance by 0.28 and 0.19 each. For the CEM classification, GS and
HCS reduced performance by 0.23 and 0.17, respectively. For the MF classes, GS and HCS
reduced accuracy by 0.21 and 0.12, respectively. MTMF classes showed an increase in
performance of 0.03 and 0.07 via the GS and HCS, respectively. MTTCIMEF classes improved
the resultant accuracy by 0.05 and 0.23 for GS and HCS sharpening, respectively. OSP
classification showed a decrease in accuracy by 0.06 and 0.02. For the TCIMF classification,
GS resulted in an increase in error by 0.05; however, it has resulted in an improvement in
accuracy of 0.05 using the HCS sharpening. MHD, MXL, and MD showed a reduction in
performance by 0.31, 0.35, and 0.34 using the GS sharpening. However, using the HCS
sharpening, the same classifiers showed a decrease in performance by 0.21, 0.33, and 0.35,
respectively. WTA and SAM classification reduced in accuracy by 0.37 and 0.19 using the
GS sharpening. However, the HCS sharpening reduced the performance by 0.36 and 0.2.
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Among the VNIR_SWIR image subsets, MTMF and MTTCIMF showed an increase
in performance by 0.02 and 0.04 using GS, and 0.06 and 0.22 using HCS sharpening,
respectively. ACE classification showed an increase in error by 0.27 and 0.2 using the GS and
HCS, respectively. The CEM classification reduced in performance by 0.22 and 0.15 using GS
and HCS, respectively. MF classification reduced in performance by 0.2 and 0.11 using the
GS and HCS, whereas the OSP classification reduced in performance by 0.06 and 0.03 using
the GS and HCS, respectively. TCIMF classification showed an increase in performance
using the HCS (0.05) and reduction using GS (0.05). MHD classification resulted in an
increase in error by 0.31 and 0.22 using GS and HCS each. For the MXL classification, GS
and HCS reduced in accuracy by 0.36 and 0.34, respectively. For the MD classifications, GS
and HCS reduced in accuracy by 0.34 and 0.35, respectively. Among the SAM classification,
GS and HCS reduced in accuracy by 0.19 and 0.2, respectively. WTA classification showed a
decrease in performance by 0.37 and 0.36, using GS and HCS, respectively. For the BGRN1
subsets, the trend of classifier performance based upon averaging GS and HCS classification
error rates is MHD = MXL > WTA > ACE > MD > MF > CEM > SAM = TCIMF = MTTCIMF
> MTME > OSP. For the CYRN2 subsets, the trend of average classifier performance is WTA
>MXL > MHD > ACE > MF = MD > CEM> SAM = TCIMF = MTTCIMF > MTMF > OSP.
For the VNIR subsets, the trend of average classifier performance is MXL > MHD > WTA >
ACE > MF > CEM = MD > MTMF > MTTCIMF > TCIMF > SAM > OSP. For the VNIR_SWIR
subsets, the trend of average classifier performance is MXL > WTA = MHD > ACE > MF >
CEM = MD > MTMF = MTTCIMF = TCIMF > SAM > OSP. Among the image subsets, the
trend of performance averaged across all classifiers is VNIR_HCS > VNIR_SWIR_HCS =
BGRNI1_HCS > CYRN2_HCS > VNIR_GS> VNIR_SWIR_GS > BGRN1_GS > CYRN2_GS.
The trend of pansharpening algorithm reliability is HCS > GS.

4.2. Geographic Object-Based Image Analysis

We first present the GEOBIA classification results of all band combinations across
processing schemes using the F1 score as the harmonic mean of recall and precision. The
performance of the classifiers is presented as an average across both study areas and
processing schemes in Table 9. Rule Set 3 achieved the highest F1 score across all image
subsets, followed by rule set 1 and lastly rule set 2. Thus, the performance of the spectral
band combinations is ranked as follows: BGRN1 = VNIR > VNIR_SWIR = CYRN2.

Table 9. Performance of GEOBIA in the current study averaged across all processing schemes for
each subset using the F1 score. The values of the best performing classifiers are highlighted in bold
and italicized.

Spectral Band Combinations

Rule Sets Average
BGRN1 CYRN2 VNIR VNIR_SWIR

Rule Set 1 0.75 0.73 0.77 0.73 0.75

Rule Set 2 0.73 0.72 0.75 0.72 0.73

Rule Set 3 0.86 0.85 0.86 0.85 0.85

4.2.1. Effect of Atmospheric Corrections on GEOBIA

The effect of atmospheric correction algorithms on the GEOBIA classifications of facies
using each band combination is presented here as an average of both study areas. The OA
is used here as a comparative measure. Table 10 displays the OA for all GEOBIA classifiers
across each image subset based on atmospheric corrections.

For all subsets, rule set 3 delivered the maximum OA. For the DOS and QUAC
classifications, rule set 1 delivered the lowest OA, whereas, for the FLAASH classifications,
rule set 2 yielded the minimum OA. The trend of rule set reliability for DOS and QUAC is
rule set 3 > rule set 2 > rule set 1. The trend of rule set reliability for FLAASH is rule set 3 >
rule set 1 > rule set 2. For the image subsets, the reliability of atmospheric corrections is
QUAC > DOS > FLAASH.
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Table 10. Performance of the GEOBIA rule sets according to each atmospheric correction across all
image subsets using OA as the evaluative measure. The values of the best performing classifiers are
highlighted in bold and italicized.

Comparison between Atmospheric Corrections Using Overall Accuracy

Classifier BGRN1 CYRN2 VNIR VNIR_SWIR
DOS FLAASH QUAC DOS FLAASH QUAC DOS FLAASH QUAC DOS FLAASH QUAC
Rule Set 1 0.73 0.81 0.77 0.72 0.79 0.76 0.77 0.81 0.78 0.72 0.79 0.76
Rule Set 2 0.83 0.75 0.84 0.82 0.76 0.83 0.85 0.77 0.84 0.82 0.76 0.83
Rule Set 3 0.87 0.84 0.87 0.86 0.84 0.87 0.87 0.84 0.87 0.86 0.84 0.87
4.2.2. Effect of Pansharpening on GEOBIA
The effect of pansharpening algorithms on the GEOBIA classifications of facies using
each band combination is presented here as an average of both study areas. The ER is used
here as a comparative measure. Table 11 displays the ER for all GEOBIA classifiers across
each image subset based on methods of pansharpening.
Table 11. Effect of Pansharpening across each image subset based on average error rate. NP: Not
pansharpened, GS: Gram-Schmidt, HCS: Hyperspherical Color Sharpening. All the values are
calculated as averages across the atmospheric corrections.
Comparison between Pansharpening Methods Using Error Rate
Classifier BGRN1 CYRN2 VNIR VNIR_SWIR
NP GS HCS NP GS HCS NP GS HCS NP GS HCS
Rule Set 1 0.24 0.24 0.24 0.25 0.24 0.26 0.25 0.24 0.23 0.25 0.24 0.26
Rule Set 2 0.20 0.26 0.33 0.20 0.27 0.35 0.20 0.25 0.32 0.20 0.27 0.35
Rule Set 3 0.15 0.14 0.16 0.15 0.14 0.15 0.15 0.14 0.14 0.15 0.14 0.15

Among the BGRN1 subsets, GS and HCS deliver cumulative ERs of 0.24 for rule set
1. For rule set 2, GS and HCS deliver ERs of 0.26 and 0.33, respectively. For rule set 3, GS
and HCS yield ERs of 0.14 and 0.16, respectively. Among the CYRN2 subsets, GS and HCS
deliver ERs of 0.24 and 0.26 for rule set 1, 0.27 and 0.35 for rule set 2, and 0.14 and 0.15 for
rule set 3. Among the VNIR subsets, GS and HCS deliver ERs of 0.24 and 0.23 for rule set
1, 0.25 and 0.32 for rule set 2, and a common 0.14 for rule set 3. Among the VNIR_SWIR
subsets, GS delivered ERs of 0.24, 0.27, and 0.14 for rule sets 1, 2, and 3. However, HCS
delivered ERs of 0.26, 0.35, and 0.15 each for rule sets 1, 2, and 3, respectively.

Hence, averaging across rule sets, the reliability of pansharpening performance for
GEOBIA in the current study is GS > HCS.

4.3. Discussion
4.3.1. Manifestation of Facies

Although the total number and type of facies are discernible at the end of summer, it
is the mapping method which ultimately characterizes pixels/objects to a thematic class.
In Figure 5, we observe the facies of ML for the VNIR_DOS processing scheme classified by
the MXL algorithm. Figure 6 highlights the mapped facies using the VNIR_DOS scheme
characterized by MXL for the Samudra Tapu (ST) glacier. The highest elevation of the glacier
is shadowed due to illumination conditions at the time of screen capture. In lower latitudes,
higher solar elevation angle may reduce the provenance of shadow due to illumination,
but the steep terrain of mountain glaciers causes shadows to be a persistent problem [64].
While some facies such as wet snow, melting snow, and saturated snow can be visually
identified within the shadowed area due to varying intensity of the shadow, the same
classes provide complex spectral properties within the overall shadowed area. This adds to
the difficulty in isolating specific classes within shadows. Hence, the entire shadowed area
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is termed as shadowed snow as many of the different snow classes are encompassed within
it (Paper 2). Distribution of facies follows the natural accumulation and ablation cycle with
dry snow at the highest elevation, followed by wet snow, and melting snow. Similarly, the
ablation region is characterized by glacier ice, melting glacier ice, dirty ice, and streams and
crevasses. Saturated snow is an interesting class in the current study which is the transition
facies between accumulation and ablation. This is classified here as a ‘snow’ class.

Garg et al. [65] utilized end of ablation SAR data to map dry snow, wet snow/middle
percolation, percolation refreeze, superimposed ice, and clean ice zones for the same
glaciers in Ny-Alesund. The authors utilized the boundary between wet snow and clean
ice to delineate the ELA. In the current study, the region characterized by Garg et al. [65]
as wet snow is further differentiated into wet snow and melting snow based on reduced
reflectance [10]. Moreover, dry snow was not identified using SAR on the same glaciers [65].
VHR optical sensors may have an advantage here as dry snow in the present study is
found limited to the highest elevation and could be characterized based on its maximum
reflectance indicative of no infiltration of water Paper 1, [66]. Dry snow is bright and
therefore highly reflective [7]. Visual identification of dry and wet snow can be made based
on the reduction in reflectance and slightly darker appearance (Paper 1). Spectral variations
highlight the drop in intensity of reflectance of wet snow when compared to dry snow in
all processing schemes (Figure 3). This indicates a broad separability of dry snow with all
processing schemes. In the current study, dry and wet snow are part of several facies on the
glaciers in Ny-Alesund. However, depending on the method of mapping and broad goal of
the study, the context and definition of wet snow appear to be different. This also stems
from the purpose of snow-covered area (SCA) mapping, which is typically performed for
large regions and considers the entire glacier as ‘snow” and is not necessarily focused on
identifying facies (Paper 2).
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Figure 5. MXL classification of VNIR_DOS processing scheme of the ML glacier. Background image:
WorldView-3 © 2016 Maxar.
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Figure 6. MXL classification of VNIR_DOS processing scheme of the ST glacier. Background image:
WorldView-2 © 2014 Maxar.

For example, Snapir et al. [67] combined MODIS SCA maps with Sentinel-1 compos-
ites to distinguish between dry and wet snow for two large reservoir catchments in the
Himalayas with a total area of 55,000 km?2. In such a case, the purpose of wet snow detection
is to supplement monitoring of snowmelt and improve watershed management. Moreover,
the authors found that SAR underestimates wet snow when the pixel contains a mix of
dry and wet snow near the snow line. VHR optical sensors can improve discrimination of
these classes due to fine resolution, if accompanied by the appropriate mapping method.
Karbou et al. [68] compared Sentinel-1 wet snow extent and Sentinel-2 snow products
for a temporal analysis to assist determination of melt-out. Over glacier areas, Sentinel-
1 displayed an underestimation of wet snow extent. Although this underestimation is
partially due to geometric distortions and differences in sensor properties, it may indi-
cate toward greater applicability of optical sensors for wet snow extent over glacier areas.
Nagajothi et al. [69] mapped dry snow, wet snow, and moraine covered ice using Sentinel
2A images for the Miyar glacier. The distinction between dry and wet snow was performed
using an NIR threshold. Interestingly, the authors highlighted that wet snow and glacial
ice have similar reflectance properties and can be distinguished on optical images through
the shape and occurrence. In the current study, we also observe similar reflectance patterns
between ice and wet snow (Figure 3). However, both PBIA and GEOBIA were able to
differentiate between the two classes without misclassification. While in GEOBIA the cus-
tomized ratios and manual thresholding is the cause for successful mapping, PBIA seems
effective in differentiating these classes too. However, it is important to note that this is true
only for the MXL and WTA classification using VNIR_DOS without any pansharpening.
GEOBIA is clearly more accurate (Section 4.2.); however, PBIA can be effective if the image
processing and mapping methods are selected carefully. Recently, Yousuf et al. [70] mapped
wet snow along with other available facies using AWiFS and Sentinel-2A. The authors
utilized ancillary data such as elevation, band ratios, and variances derived from principal
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components to perform sub-pixel classification using a pair wise classification strategy in a
support vector machine (SVM). Sub-pixel classification in this case was accomplished by
blending the pixels of higher resolution Sentinel-2A imagery with coarser resolution AWiFS
data. The spatial resolution of the current imagery is 0.31 m at its finest (pansharpened
WYV-3). Hard pixel supervised classification in the current study was capable of mapping
all the facies without ancillary data. However, GEOBIA rule sets in the current study are
defined based on various object features described in Table 5. These objects were formed
based on aggregation of homogenous pixels using multiresolution segmentation. Currently,
these object features used cannot be considered as ancillary data as they are products solely
created from the object properties themselves. Hence, the current study using both PBIA
and GEOBIA was able to map glacier facies across different spectral band combinations,
with VNIR achieving the highest accuracy.

Melting snow is a surface facies not usually mapped in the broad characterization
of glacier facies. Often, melting snow is either monitored as wet snow in the mapping
of dry and wet snow to simplify facies characterization for purposes such as snow cover
mapping [71] and seasonal melt coupled with precipitation runoff dynamics [72] or it is
considered to be glacial melt with the objective of overall glacial discharge modelling via
SCA and watershed modelling [73]. From this, it is possible to surmise that snowmelt
(run-off) is distinct from the melting snow surface facies in that it is the sum release
of water from the melting of snow/ice and its transport via supraglacial streams and
englacial and/or subglacial channels. Liang et al. [74] mapped melting surfaces on the
Antarctic Ice sheet while monitoring freeze-thaw dynamics using time series analysis
via Google Earth Engine (GEE) and Sentinel-1 SAR. The authors used this to observe
spatiotemporal changes in surface melt activity. The facies mapped were dry snow, melting
surfaces, and refrozen surfaces. Drops in the intensity of backscatter echo during summer
were used to detect presence of liquid in the snow. In the broad context of freeze-thaw
dynamics, penetration of water in the snowpack can be characterized generally as a melting
surface/wet snow. However, in the specific context of glacier facies, wet snow and melting
snow may be different surface facies based on the reduction in reflectance, elevation, and
visible properties. Facies are individualistic to glaciers and some facies may exist on some
but not on others. In this study, we are focused on identifying the maximum range of facies
and testing the variability in the final thematic by modulating the image processing and
mapping method. Hence, while it is possible to merge wet snow and melting snow, the
utility of conventional PBIA with VHR VNIR data to track subtle variations in facies is
key for robust mapping operations. GEOBIA is most accurate, but PBIA is more efficient.
Mendes Jr. et al. [75] mapped glacier radar facies in Antarctica to retrieve snowmelt by
monitoring the wet snow zone. The authors also mapped dry snow, frozen percolation,
and bare ice zones. The authors highlighted that radar zones/facies are based on the
surface properties of glacial bodies, whereas classical /glaciological facies depend on the
properties of the entire glacier due to the previous accumulation [76]. Pope and Rees [16]
highlighted the same with optical facies suggesting that optical mapping of facies can
be surface classes rather than glaciological facies. Nonetheless, at the end of ablation
season, when most of the seasonal now has melted, the maximum variations of facies
are discernible. Unless a sudden precipitation event occurs prior to the date of image
capture, the occurrence of facies should not differ. We found no recorded precipitation
event before the date of image acquisition in the current study (Paper 1). However, without
in situ monitoring of the subsurface phenomena, a direct and accurate characterization
of glacier facies is not advisable. Due to this, in our previous work [3], we utilized the
name surface facies to refer to the end of ablation facies mapped by optical imagery. In the
current study, melting snow differed from wet snow in that it exhibited lower reflectance
and is showed higher reflectance than saturated snow (Paper 1 and Figure 3). This slight
variation is only effectively characterized by the reflectance obtained from VNIR_DOS
and VNIR_FLAASH image subsets. This suggests that pansharpening does not enhance
separability of closely matching but distinct surface facies. Moreover, the higher accuracy
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of MXL and WTA suggest that only in the combination of VNIR_DOS/FLAASH and either
MXL or WTA can PBIA accurately map these facies. GEOBIA rule set 3 overcomes the
effects of image processing and in fact improves after pansharpening. However, rule
sets are analyst driven. The development of each rule set permits a detailed evaluation
of objects, object features, and the individual exertions of each feature for each facies.
This will lead to a highly accurate thematic map, but it is achieved at the expense of
efficiency. However, the saturated snow class presents an interesting case because, if
the ELA was characterized previously using the border between wet snow and clean
ice [65], in the present case, it would be the border between melting snow and saturated
snow. Pope and Rees [16] found two snow classes on the ML glacier using unsupervised
classification of Landsat ETM+ imagery. The extent of snow class 6 identified by Pope
and Rees [16] is similar to the saturated snow extent identified here. Moreover, the facies
was named saturated snow as its reflectance resembled that of the same class identified by
Hinkler et al. [77]. All the facies are characterized by observing similar reflectance properties
with previous literature (Paper 1).

The ice facies in the current study correspond to glacial ice occurring below the ELA
for the respective glaciers. Glacial ice is generally ‘clean” with ice mixed with debris or dirty
ice being characterized separately. While in SCA mapping ice and snow facies may often
be considered into the overall glacier body, in facies mapping, they are usually categorized
independently. Bhardwaj et al. [6] aggregated ice and snow into one class considering it
as the accumulation region while mapping supraglacial debris and ice mixed debris on
two small glaciers in the Chandra-Bhaga basin. The mapping was performed using band
ratios of Landsat TM and ETM+ images, utilizing an ASTER DEM for deriving slope and
curvature. Due to the coarser resolution of Landsat ETM+ images, slope and curvature
derived from the DEM was necessary to delineate glacier boundaries. In the current study,
VHR images visualized as 3D surfaces with base heights derived from the ASTER GDEM
v2 were efficient in identifying all the glacier boundaries in Ny-Alesund, as well as some of
the ice divides in the Chandra-Bhaga basin [3]. Moreover, the greater range of accumulation
and ablation surface facies are discernible using VHR VNIR_SWIR data. Bhardwaj et al. [56]
mapped snow and clean ice independently in addition to slush, crevasses, dirty ice, and
supraglacial debris using Landsat 8 OLL Interestingly, the authors utilized TOA reflectance
and brightness temperature. Atmospheric correction algorithms convert TOA reflectance to
apparent surface reflectance, thereby providing a comparison against established spectral
signatures of identified facies. This allowed for a comparison with the spectral character-
istics of ice in this study against previous extractions of spectral reflectance for the same
facies (3, Paper 1). Moreover, when compared against different image processing meth-
ods, the VNIR_DOS stands out as the most reliable. The spectral reflectance pattern of ice
in the current study resembles that from Prieur et al. [78] extracted using Landsat 8 OLI.
Keshri et al. [5] distinguished snow and ice after separating debris and ice mixed debris uti-
lizing a stepwise implementation of Normalized Difference Snow Index (NDSI), Normalized
Difference Glacier Index (NGDI), and Normalized Difference Snow Ice Index (NDSII). This
approach is similar in implementation to GEOBIA rule sets. GEOBIA rule sets are formed
after a careful evaluation of object features and customized features followed by a stepwise
assignment of thresholds, and categorization into thematic classes. In Paper 2, we provided
all the rule sets used for mapping. For example, in Ny-Alesund, in all the rule sets, ice is
classified at the end after all the other facies are extracted. Only rule set 2, for the VNIR_DOS
subset, necessitated that ice be classified before melting glacier ice using the min. pixel
value of the red edge band. In the case of rule set 1 for VNIR_FLAASH, ice was mapped
using the mean reflectance of the coastal band. In rule set 3, using the VNIR_QUAC, ice was
mapped using the min. pixel value of the green band. For the Chandra-Bhaga basin, using
rule set 1 for the HCS_FLAASH, ice was mapped using the mean reflectance of the NIR
band. In rule set 2 using the HCS_QUAC subset, ice was characterized using the quantile
of the green band. In rule set 3, using HCS_FLAASH, ice was categorized using the mean
reflectance of NIR2 and the quantile of the coastal band. All facies are characterizable using
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each of the spectral band combinations and each image processing scheme. VNIR is most
accurate, however, GEOBIA permits mapping due to the intervention of an analyst molding
the rule sets according to the image processing scheme. Nonetheless, even PBIA via MXL is
capable of mapping ice. Azoni et al. [79] mapped ice using the MXL algorithm on the Forni
glacier using VHR UAV orthophotos (0.15 m spatial resolution) with a high precision of
0.91. The order of facies characterization is important as outlined by the procedure adopted
by Keshri et al. [5]. This process, though time consuming and not as straight forward as
supervised PBIA, is effective in exploiting the limitations introduced by limited spectral
bands. Alifu et al. [80] utilized a TIR/NIR/SWIR band ratio to map supraglacial debris by
separating the rest of the glacier as clean ice using a density slice approach. The authors also
utilized a similar geomorphometric approach as Bhardwaj et al. [6] to separate the glacier
from the non-glacier area. In the current study, however, ice was mappable without the use
of thermal bands in the satellite imagery, by simple PBIA and by mean reflectance and object
features in GEOBIA. In a machine learning-based classification of glacier surface classes,
MXL, SVM, and RF classifiers were tested using a combination of Landsat TM and OLI
with a range of normalized difference indices to support the characterization [81]. All three
methods delivered greater than 99% accuracy, with the SVM only slightly outperforming
the other methods. Although the facies themselves were limited to three, the performance
of the MXL is attributed to its robust capacity [82].

The dirty ice and alluvial/depositional fan conjunction is important for accurately
mapping glacier extents. Dirty ice in the current study was characterized previously as
off-glacier [16]. The current imagery highlights water bodies outside the glacial terminus
in the alluvial fan (Figure 5). Manual digitization of the glacier terminus using the 3D
elevation surface (upper left inset, Figure 5) aided in avoiding possible confusion between
the alluvial /depositional fan and dirty ice. Dirty ice is also important because this facies is
suggested to have a higher melt rate than other facies [83]. Dirty ice is defined as partially
debris-covered ice [83,84]. The Ostrem curve suggests that debris cover lesser than the
‘critical thickness’ of debris increases melt [85,86]. Moreover, areas with thin and partial
debris cover are discontinuous [83] leading to difficulty in effective mapping. Mapping of
patchy and thin debris cover is necessary to track spatial variations in ablation. VHR optical
sensors may enable efficient mapping of dirty ice by improved visibility due to enhanced
spatial resolution (Paper 1) and tracking of reflectance variability due to sensitivity in the
NIR region [16]. Accurate mapping of dirty ice would improve spatially distributed ablation
modeling. In the current study, digitization of the glacier supported by 3D surface analysis
enabled accurate extraction of the glacier body. Dirty ice is also observed in the upper
regions of the glacier (Figure 5) intermixed with saturated snow and streams and crevasses.
This may be attributed to misclassification of streams and crevasses into dirty ice due to
some spectral overlap in the visible range (Figure 3). While temporal analysis movement of
debris may permit a detailed explanation of the occurrence of dirty ice at higher elevations,
it is beyond the scope of the current study. The intermixing of saturated snow, streams, and
crevasses and dirty ice may be explained by the emergence of debris from fine transverse
crevasses which are then dislodged by melt and supraglacial streams and transported
into the dirty ice region [83]. The occurrence of dirty ice at the edges of the glacier may
be due to the entrainment of debris and dirt along its margins [87,88]. Haq et al. [87]
mapped dirty ice using Hyperion hyperspectral data and Random Forest classification in
the Indian Himalayas. In the spectral reflectance drawn from Hyperion imagery, dirty ice
shows maximum spectral separability in the visible range. Between 750-800 nm, dirty ice
shows an overlap with ice mixed debris, after which the SWIR range contains minimal
variations between all facies [87]. Thus, in the absence of hyperspectral imagery, VHR VNIR
imagery may hold a key advantage for mapping patchy and discontinuous debris cover.
In the current study, the VNIR subset yielded better performance among all atmospheric
corrections and pansharpening methods. Florath et al. [89] (2022) mapped a range of
facies including dirty ice in a comparative assessment of unsupervised and supervised
classification methods. Their results highlight the efficacy of supervised approaches such

231



Remote Sens. 2022, 14, 6311

as Random Forest (RF) in mapping facies. However, their results were based on mapping
carried out on Sentinel-2A images. In the current study, we evaluated several spectral
band combinations and found that the best mapping of not only dirty ice, but all facies
was without the SWIR range. Hence, the VNIR spectrum still holds maximum potential
for executing PBIA and GEOBIA spatial-spectral approaches for mapping patchy debris.
However, both Florath et al. [89] and the current study highlight the utility of supervised
approaches for mapping glacier facies when ancillary data are not available. Separability of
spectral signatures is key for identification and mapping of facies. Dirty ice can be confusing
because of the confounding spectral signatures with streams and crevasses. Advanced
classification methods are poor at generalizing spectral signatures into constituent classes
(Paper 1), in such cases, simpler algorithms such as MXL and MHD may classify better.
While GEOBIA rule set 3 is much more accurate than PBIA, the time needed to develop rule
sets can be detrimental when faster albeit slightly less accurate methods can be utilized.

Ice mixed debris (IMD) is a mixture of debris of varying sizes with ice [87,90]. Spec-
trally, it is of slightly higher reflectance than debris [3] and lower reflectance than ice [91]
and is most prevalent in the ablation zone. Accurate mapping of IMD like dirty ice and
debris is important because the conversion of IMD to debris can be a direct assessment of
the impact of climatic variations on the health of the glacier [92]. A reliance on thermal
bands to isolate ice mixed debris and debris from the overall glacier body is well reported in
literature [5,70,92-94]. In the current study, we lack thermal bands in the sensor. Moreover,
as the present focus is on mapping facies without the ancillary inputs from other datasets,
we have relied purely on the visual and spectral properties of the facies arising from the
imagery and previous literature to guide the classification strategy. The spectral signa-
tures of IMD arising from DOS and FLAASH corrections are most useful for comparative
purposes and have a better contrast against debris. This is most important for PBIA as
only non-pansharpened subsets led to accurate extraction by MXL. However, GEOBIA
overcomes the distortions in spectral signatures induced by all image processing schemes.
In the absence of thermal bands, elevation-based information derived from DEMs, band
ratioing, and/or spectral indices are necessary for mapping IMD [95]. In a comparative
assessment of a hierarchical knowledge-based classification (HKBC) utilizing ancillary
information from DEMs, ratios, and indices against MXL, the HKBC classified IMD better
with a user’s accuracy of 81.82% [91]. Parallels against the current study can be drawn
by considering the superior performance of GEOBIA against PBIA. However, we have
only utilized image data to generate objects and their features. Rule sets themselves are
knowledge-driven on account of stepwise development. Even sub-pixel mapping of IMD
utilizing SVM has relied on ancillary information from both DEMs and thermal bands
when using medium-to-high resolution imagery [70]. Our results point toward the ef-
ficacy of VHR imagery in congruence with appropriate mapping methods for effective
characterization of debris. Extraction of IMD or debris via hyperspectral images require
significant preprocessing for removal of noise, bad bands, segregation of pure spectra,
and atmospheric correction. Although such extensive processing yields accurate results,
it is time consuming [87]. In such cases, the current study may prove useful as the lack
of spectral bands may be overcome by utilizing VHR data and spatial-spectral GEOBIA
rule sets. In a recent GEOBIA based approach for mapping debris cover in addition to
other facies, Mitkari et al. [22] utilized thermal infrared (TIR) band (Landsat TM) and a
NIR2/Yellow index (Table 5) from WV-2 to map IMD. In the current study, we have also
utilized the same index for mapping IMD for the CYRN2, VNIR, and VNIR_SWIR rule set
1 and 3 subsets. However, for the BGRN1, the R_B index (Table 5) was sufficient but not
ideal. For rule set 2, IMD was characterized using the max. pixel value of the objects in the
green band. The average threshold range for this was 0.05-0.15 (Paper 2). However, this
value changed based on atmospheric correction and pansharpening.

Supraglacial debris cover occurs by the entrainment and deposition of bedrock mate-
rial in the ablation zone due to the interplay of summer ablation and the glacier’s movement.
Based on the size, deposition, and intermixing with ice, the surface facies may transition
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from dirty ice, to IMD, to debris cover with ice now beneath a continuous debris cover.
Other sources of debris input consist of rockfalls and mass movements from the surround-
ing valley, as well as deposition via strong winds. Debris-covered glaciers are defined as a
glacier, wherein a portion of the ablation region is overlain by a continuous cover of debris
across its width [96,97]. The varying influence of the spatiotemporal dimensions of debris
on the ablation of the glacier has been the core of several investigations [83,92,96,98-101].
In the current study, we observed the debris class only on the Chandra-Bhaga Basin glaciers
as the Himalayas are known to possess a cover of debris in the ablation zone [97,102].
Glaciers in Ny—Alesund are known to be relatively clean [7]; therefore, the facies at the end
of the ablation zone was characterized as dirty ice. Pratibha and Kulkarni [99] mapped
temporal changes in supraglacial debris by first classifying snow and snow-free areas of
the glaciers using MXL, and subsequently applying band ratios derived from Landsat
OLI ETM, and TM imagery to characterize debris. Although the study did not utilize
thermal bands, it relied upon images of three different Landsat sensors to successfully
map debris. Nonetheless, it does highlight the utility of simple processing methods to
extract debris cover. Molg et al. [64] created an inventory of the debris cover in High Moun-
tain Asia using a threshold on band ratios on Landsat TM and ETM+ imagery. However,
Azzoni et al. [79] suggest that debris mapping is more reliable via VHR imagery be-
cause of the capacity to distinguish between debris cover of various distributions, and
smaller features such as cones which may be misclassified in coarser resolution data.
Kaushik et al. [103] utilized a deep neural network (DNN) to map debris with a combina-
tion of optical, SAR, and elevation data. The authors trained the DNN framework over
different test sites in the Himalayas and then applied it to a different region. This highlights
the potential transferability of the authors” method. However, this DNN structure can
misclassify IMD or dirty ice into debris class as the method is not trained for a range
of facies, but rather specifically for variations in supraglacial debris of different glaciers.
Robson et al. [9] combined optical, SAR coherence, and elevation data in a GEOBIA do-
main to distinguish clean ice, glacial lakes, and debris. The authors utilized a three-step
hierarchical segmentation approach to separate the classes. In the current study, the same
multiresolution segmentation parameters were applicable for mapping debris in all the
different processing schemes (Paper 2). In a GEOBIA based mapping of supraglacial de-
bris in Antarctica using WV-2 imagery, debris was mapped with an overall accuracy of
93% [104]. However, the authors noted that the geomorphology of Antarctica induces
spectral similarity between many of the features. In the current study, the spectral con-
trast between debris, snow, ice, and crevasses is quite large. The separability with IMD
is appreciable, with shadowed snow being the most confusing class. This may highlight
why PBIA using MXL here provided better results than that observed in Antarctica (Paper
1, [104]). We extracted debris using the max. pixel value of NIR1/2 for rule sets 2 and 3, the
R_B ratio for BGRN1 and the mean reflectance of NIR2 for VNIR and VNIR_SWIR in rule
sets 1 and 3. Mitkari et al. [22] utilized brightness temperature and slope via GEOBIA to
separate supraglacial and periglacial debris. Often, boundaries of debris-covered glaciers
are difficult to ascertain without the use of ancillary data due to confounding properties
with the surrounding geology. Manual delineation of glacier boundaries is therefore a
practical approach to ascertain minimal error of misclassification [3,56,99].

Crevasses are elongated deep cracks or fractures in the ice [22] resulting from the
type of flow of the glacier [105]. Owing to this shape, crevasses may be easily detected in
GEOBIA via the appropriate segmentation parameter. The spectral signature of a crevasse
is usually of lower intensity than ice but maintains the same trend [3]. This can lead to mis-
classification of crevasses. Although crevasses are not considered as classical / glaciological
facies, they are important surface facies due to their hazard potential. As crevasses represent
the dynamicity of the glacier, identifying their extent and shape is useful for understanding
mass balance processes [106]. In the Chandra-Bhaga basin, we observe that the crevasses
are clearly discernible and mostly benefit from GEOBIA GS_QUAC_VNIR_Rule sets 2 and
3. This is because rule set 2 utilizes mostly spatial and contextual information, wherein

233



Remote Sens. 2022, 14, 6311

the standard deviation object feature of the Yellow (CYRN2/VNIR/VNIR_SWIR subsets)
and NIR1/2 (BGRN1/VNIR VNIR/VNIR_SWIR subsets) were applied successfully. The
same features were utilized in rule set 3 as it combines both spatial and spectral infor-
mation. In rule set 1, where only direct spectral information was used, the R_RE, N2_Y,
and mean reflectance of the red band (Table 5) ratios were used to delineate crevasses.
In Ny-Alesund, streams and crevasses were categorized into one class, as the width of
these facies is much smaller than that of the Chandra-Bhaga Basin crevasses. Moreover,
supraglacial streams transport water via crevasse channels and categorizing them into one
facies helped in ensuring spectral separability of the other facies. Moreover, the disheveled
appearance of crevasses in Chandra-Bhaga Basin aided in their visual identification along-
side enhancing the contextual capabilities of GEOBIA. A U-Net-based deep-learning model
for mapping crevasses and supraglacial streams highlighted the necessity of mapping fine
stripe crevasses which are only visible at fine spatial resolutions [107]. The VHR GEOBIA
method employed here can be used to supplement Ground Penetrating Radar (GPR) based
investigations of crevasses [108,109] to highlight risky zones.

4.3.2. Variations in the Best Performance

The striking factor of the segmentation parameters used here is the wide applicability
across all the image processing methods for both study areas. This contradicts the asser-
tions by Hao et al. [110], who suggest that because objects generated in VHR imagery
are molded by a larger number of pixels [111] and different image targets will require
different scale parameters. This supports the necessity of multiscale segmentation for
different image targets. However, the authors [110] also observed that the image objects’
size/area is affected by more factors than just the scale parameter. These factors include
spectral, spatial, and geometric properties. Multiresolution segmentation permits the an-
alyst to exert greater control over the resultant objects by modulating the segmentation
criteria [112]. This causes the determination of ‘optimal” segmentation parameters to be
subjective, time-consuming, and challenging [113]. Built up areas with buildings offers
crisp geometric shapes clearly discernible in VHR imagery which can be useful for ex-
tracting these features. However, natural land covers may often have image targets with
close spectral and spatial properties. Multiscale image segmentation has been employed
to map glacier cirques [114], volcanic landforms [115], Antarctic supraglacial debris [104],
glacier facies [9,22], and glacial landforms [116]. However, single scale segmentation has
also proven useful in delineating objects for mapping landslide-dammed lakes [117], snow
cover [118], supraglacial ponds [119], and icebergs [120]. Ice marginal lakes were extracted
using two different segmentation parameters for Sentinel-1 and Sentinel-2 imagery [121].
Although it is not an optical vs. optical image comparison, the same lakes required two dif-
ferent scales with two different sensors. Spatiotemporal analysis of forest cover found that
pixels in Corona and Landsat TM/OLI imagery can be segmented using similar scale pa-
rameters [122]. This highlights that both single and multiscale parameters can be effectively
utilized for segmenting objects of varying sizes. According to our knowledge, no study
has evaluated the impact of image processing routines on the resultant characterization
of glacier surface facies using GEOBIA or PBIA. This is significant because the selection
of the basic process to derive reflectance introduces changes in the spectral signatures
of image targets. Moreover, pansharpening increases the number of pixels aggregated
into objects. Therefore, the necessity to evaluate modulations needed for subsets of each
processing scheme in segmentation and rule set development is non-trivial. In the current
study, we find that no change in scale parameter is needed when segmenting any of the
various subsets. This suggests that the parameters applied here may be transferred to other
VHR imagery for segmenting glacier surfaces. However, every subset required individual
manual modulations to test the applicable ratios/features, the thresholds for each feature,
and the order of extracting facies. Multiscale segmentation utilizes different object sizes to
match different image targets. It follows the logic that object features may have overlapping
properties for various facies. This is extended to rule sets as well because, even if a single
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segmentation level was sufficient to delineate objects for all image targets, object features
must be evaluated and extracted individually. As each processing scheme modifies the
spectral properties of the pixels in those subsets (Figures 3 and 4), rule sets utilizing features
based on spectral properties will require reconfiguration. This extends to pansharpened
subsets as well because GS and HCS also exert differential impacts on the overall spectral
and spatial quality of the image. Each rule set was created methodically after segmenting
based on step-by-step observations for individual subsets. Thus, GEOBIA rule set 3 delivers
high accuracy and robust effectivity but is exhaustive in applicability.

The technical calculations described in Section 4.2. highlight the high accuracies ob-
tained by GEOBIA rule set 3. The modifications in this rule set for each processing scheme
also resulted in changes in the final thematic maps. Figure 7 highlights the differences
in mapped facies on the Samudra Tapu glacier from rule set 3 for the VNIR_GS_DOS,
VNIR_GS_FLAASH, and VNIR_GS_QUAC subsets, respectively. GS_FLAASH overes-
timates snow in the ablation region but simultaneously shows a patchy distribution in
the well-known accumulation area [123], whereas GS_DOS only slightly underestimates
snow in the accumulation zone. Both GS_DOS and GS_FLAASH overestimate ice in the
accumulation zone due to the misclassification of some areas into ice. GS_ QUAC yields a
better overall coverage of snow and ice. The classification of debris from the GS_QUAC
subset closely follows the known occurrence of the same facies [94]. However, GS_DOS
underestimates and GS_FLAASH overestimates debris when compared with GS_QUAC.
Crevasses are well mapped by all three processing schemes, highlighting the efficacy of
GEOBIA in extracting these minor features. IMD shows a large variability between all
three subsets. GS_QUAC appears to have characterized IMD more efficiently against the
overestimation by GS_FLAASH and underestimation by GS_QUAC. In recent years, the
overall glacier area in the Chandra-Bhaga Basin is found to be larger than other basins
in the Himalayas [124]. This is attributed to the higher elevation of this basin and the
reduction in wet precipitation with dry precipitation being consistent [124]. The month
and year of image acquisition in the Chandra-Basin is reported to have a larger distribution
of SCA [124,125]. Thus, distribution of snow and ice in the current imagery (Figure 7)
observed from the GS_QUAC subset is consistent with recent findings. These variations
are important because selection of the most appropriate image processing routine for any
imagery would ideally yield the most realistic and accurate thematic classification. This is
also evident from the fact that in PBIA pansharpening reduced the performance, whereas,
in GEOBIA, it enhanced the result. To the best of our knowledge, no other study has
compared the impact of variations in image processing in GEOBIA for mapping facies; this
makes a direct comparison with the current results difficult.

4.4. Comparative Analysis

In this study, we have attempted to compile the results of Paper 1 and Paper 2 with
additions of the variations of spectral band combinations into the processing routine based
GEOBIA and PBIA analysis of glacier surface facies.

It is observed that the literature for selection of atmospheric correction and pansharp-
ening algorithms described in Paper 1 often delivers a recommendation that is application
specific [25]. The addition of SWIR bands to the classification in both PBIA and OBIA did
not significantly enhance the results. For pixel-based classification, it was found that the
bands most affected by atmospheric effects (Coastal and Blue) were the main bands used
to decipher atmospheric information [126,127]. Moreover, NIR 1 and NIR 2 are strongly
influenced by water absorption and dispersion of suspended particles [128]. The FLAASH
algorithm which utilizes these bands to predict the atmospheric effects would then be most
affected by detrimental effects of pansharpening on the spectral information (Paper 1). In
PBIA based on VNIR data (Paper 1), it was found that the FLAASH atmospheric correction
performed better. However, when tested across various spectral band combinations in
PBIA, the DOS correction yields superior rigor. This implies that the DOS may be more
suitable for large data volume analysis using PBIA. Furthermore, as the DOS algorithm is
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simplistic in its configuration Paper 1 [129], it may promote faster analysis. In the GEO-
BIA domain, however, the QUAC algorithm delivered superior results. Karimi et al. [31]
mapped debris covered glaciers using the QUAC algorithm as the image correction method
with efficient results. In the current case, this study is the first of its kind to test image
correction methods for the application of glacier surface facies. The FLAASH correction
generally delivers the most realistic spectral reflectance [130,131] and is consistent using
VNIR imagery. However, across image processing mechanisms, we find it delivers inferior
results when compared to DOS and QUAC.
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Figure 7. VNIR_GEOBIA_Rule Set 3 classifications of surface facies of the Samudra Tapu glacier.
Background image: WorldView-2 © 2014 Maxar. Subfigures (a—e) correspond to the snow, ice, ice
mixed debris, crevasses, and debris classified from the VNIR_GS_DOS processing scheme. Subfig-
ures (f—j) correspond to the snow, ice, ice mixed debris, crevasses, and debris classified from the
VNIR_GS_FLAASH processing scheme. Subfigures (k-o0) correspond to the snow, ice, ice mixed
debris, crevasses, and debris classified from the VNIR_GS_QUAC processing scheme.
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The nature of classification algorithm and workflows sometimes necessitate spec-
ification of Red, Blue, Green, and NIR bands. For example, the TERCAT workflow in
ENVI requires this information before proceeding to classification. It would make intuitive
sense that substitution of these bands by manipulating spectral band subsets will result in
variations in classification using the same image. Here we find that the VNIR and BGRN1
subsets deliver superior results when compared to CYRN2 and VNIR_SWIR. This is true for
both PBIA and GEOBIA processes. While GEOBIA delivers superior performance across all
atmospheric corrections and pansharpening methods, it appears that conventional spectral
bands retain maximum capacity for targeted information extraction. SWIR bands can
aid in the mapping of glacier debris and even help define ratios for mapping dust and
supraglacial mineral composition [132]. This was found to be true for the GEOBIA rule
sets. SWIR bands were most useful in the delineation of dirty ice. However, object features
based on VNIR imagery were also capable for mapping dirty ice. Moreover, the image
subsets with the best GEOBIA based mapping in the current study are BGRN1 and VNIR;
this may again point towards the utility of conventional spectral bands for mapping facies.
Moreover, as this mapping can be accomplished without SWIR, the focus on VNIR data for
mapping glacier facies and supraglacial debris can be further explored. GEOBIA across all
image subsets did not require a change in the segmentation parameters of scale parameter,
shape, and size. In comparison to Paper 2, much of the rule set logic is maintained. We
were able to map fine features that have proven difficult in the past [133].

As observed in Paper 1, PBIA greatly suffers from the detrimental effects of pansharp-
ening. However, we also find that MTTCIMF and TCIMF observe a modest increase in
overall accuracy consistent across both pansharpening methods and image subsets. Even
though this increase does not improve the overall reliability, it still points towards the
possibility of improving MTTCIMF based mapping at finer resolution (Paper 1). GEOBIA,
however, improves with pansharpening, with the GS delivering better results than the HCS
(Paper 2). When tested across large datasets, the suitability of GS may hold true [55].

Comparative Analysis of WV-2/3 Spectral Performance

WV-3 imagery has been termed as super-spectral [134] and hyper-spatial [135]. The
spectral characteristics of both WV-2 and WV-3 have been tested across many applications.
Some of the main applications are agriculture (crop yield, crop productivity, crop type),
mineral mapping, cryosphere (glacial lakes, glacier facies, snow cover extent), urban
material characterization, flood monitoring, disaster analysis, biomass estimation, etc. Here,
we discuss previous literature and then compare our own results to infer cross-application
robustness (if any) of the spectral bands.

In an analysis of WV-2 for mapping specific minerals, FLAASH corrected SWIR bands
were found to be most useful for alteration and hydrocarbon detection using SVM [136].
Ye at al. [136] found that the most characterizable absorption features were found in
the SWIR region. Sun et al. [137] distinguished between hydroxyl, AlI-OH, Mg-OH, Fe-
OH, iron stained, carbonates, kaolinites, calcites, siderite, and jarosite alterations using
a combination of PCA, mineral indices and SAM classification on WV-3 imagery. Their
indices utilized SWIR 1, SWIR 3, SWIR 5, SWIR 6, SWIR 7, SWIR 8, green, and red edge
bands. SWIR bands enhanced the results of petroleum (Hydrocarbons) characterization by
Asadzadeh et al. [138]. Their results highlight the absence of hydrocarbon features in the
VNIR bands and consequently the extreme reliance on SWIR bands. WV-3 SWIR bands are
reported to possess better spatial consistency of mineralogical units [139]. Kruse et al. [140]
compared pre-launch simulated WV-3 spectral bands with AVIRIS and post-launch WV-3
image data to map minerals using the MTMF classifier. Their results suggest that WV-3
performs better for calcite and muscovite than buddingtonite, kalinite, and silica. Most
confusion was found in alluvial fan areas, which is a mixing zone for these minerals.
Although glacier surface facies can be spectrally distinct, we find that spectral overlap does
exist between facies, especially in the visible region (Figures 3 and 4). However, most of
the overlap is observed for facies in the Chandra-Bhaga Basin due to the large coverage
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of snow. This suggests that timing of image capture for end of ablation facies mapping is
extremely crucial for observing all of a glacier’s available facies.

Hunt Jr. et al. [141] found spectral indices created using SWIR bands 2, 3, and 4 were
superior in estimating leaf water content through WV-3 imagery, whereas SWIR 1 was not
useful. In the current study, however, only SWIR 1 was useful. Eckert [142] found that
WV-2 red edge and NIR bands have the highest correlation with field data for aboveground
biomass estimation. Without field data presently, we cannot definitively suggest similar
results. Nevertheless, looking at the accuracies, it is safe to assume that the NIR bands
are most useful for mapping facies. The red edge band can be swapped by the red band
without many changes to the final output. Of course, at least with GEOBIA, it depends on
the rule sets defined by the operator. Sibanda et al. [143] found that the red edge spectrum
improved grassland mapping accuracy by 14%. Pu et al. [144] also described the potential
of the red edge band for detecting reduction in chlorophyll content. The efficacy of red edge
is not replicable in the present study. While using a class-based sensor independent spectral
band NDVI, Upadhyay et al. [145] found the Yellow, Red, Red Edge, NIR 1, and NIR 2 bands
to be most applicable for mapping crops. Immitzer et al. [146] analyzed the conventional
(BGRN1), additional bands (CYRN2), and full 8-band (VNIR) range of the WV-2 sensor
for comparative classification of tree species using RF and GEOBIA. Like the manual
digitization used to remove shadowed areas in the current study, Immitzer et al. [146]
focused only on the sunlit portions of tree crowns. Akin to the present results, VNIR bands
yielded maximum accuracy through GEOBIA, and the utility of the non-conventional
bands was species specific. By and large, the conventional BGRN1 subsets delivered higher
accuracies than the CYRN2 bands. Marshall et al. [147] found that additional bands do
not improve spectral separability while testing the influence of additional bands (CYRN2)
of WV-2 using MTMF for mapping invasive grass species. In an analysis of mangrove
species and non-mangrove area classification, Heenkenda et al. [148] utilized spectral band
combinations of pansharpened and non-sharpened imagery. They highlight the utility
of pansharpened VNIR imagery for effective classification using GEOBIA. The authors
suggest that rule sets can be easily transferred to other areas as they are made of image
variables rather than set numerical values. Unfortunately, this is not consistent with glacier
facies mapping. This may be because facies themselves vary across different glaciated areas
and must first be robustly analyzed to determine their occurrence, followed by spectral
characterization and then development of rule sets. However, we do believe that the
segmentation parameters developed in Paper 2 and implemented here are robust as they
have been applicable without any deviation. The rule sets themselves need to be assessed
carefully as they are a logical progression of operator intuition and skill. Here, the rule
sets applicable in Ny-Alesund were not applicable in the Chandra-Bhaga Basin; moreover,
the same rule sets were not even transferable across different processing schemes. This
highlights the importance of accurate selection of image processing routines.

In a comparative analysis between DOS and FLAASH corrected images for bathymetry
mapping, DOS delivered superior performance with the most useful bands being coastal,
green, yellow, and NIR 2 [149]. Malinowski et al. [150] analyzed patterns of localized
flooding using 12 different decision tree (DT) methods comprising of different PBIA and
GEOBIA approaches on WV-2 imagery. DOS delivered more accurate reflectance for water
than ATCOR. The authors highlight that NIR 2 is the most water sensitive band in the WV-2
arsenal. This could have potential for mapping saturated snow facies, but in the current
study, we observe that all facies can be mapped by BGRN1 with better accuracies than
CYRN2. Collin et al. [149] compared Hyperion and WV-3 data using spectral combinations
of BGR (3 wavelengths), BGRNIR (4 wavelengths), CBGYR (5 wavelengths), BGRNIRs
(8 wavelengths), and full 16 band spectrums in an Artificial Neural Network (ANN) struc-
ture for mapping coastal systems. The authors suggest that most of the over-reflecting
discrepancies between the sensors are a result of the coarser resolution of Hyperion when
compared to WV-3. Between the spectral subsets, however, the 16-band full spectrum
subset delivered maximum accuracy for WV-3. In the current study, however, the VNIR
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(8 wavelength) subset delivered highest accuracy across all processing schemes and classi-
fication methods. One reason may be the little to no target information contained in the
SWIR bands from SWIR 2 to SWIR 8. Only SWIR 1 could be used for delineating dirty ice,
melting snow, and melting glacier ice. However, this was performed to utilize the SWIR
band in the combination and not because it could not be alternated by a VNIR alternative.
When matching field spectra to WV-2 bands to map asphalt roads, blue, green, red, and NIR
2 reported maximum usability [151]. Variations in roofing materials were distinguishable
from the yellow band onwards using pansharpened WV-2 imagery [152].

Karimi et al. [31] mapped clean ice, periglacial debris cover, and supraglacial debris
cover using 4 band WV-2 (CBGR) and Landsat-TM imagery. The authors performed an inter-
sensor pansharpening by enhancing Landsat-TM using PAN WV-2 data, and QUAC was
used to derive reflectance. The 4 band WV-2 imagery is reported to be effective in classifying
ice due to its high reflectivity. The authors also differentiated the temperatures of shadowed
areas, periglacial, and supraglacial debris using Landsat-TM. The goal of the current study
is to only utilize the attributes of the optical imagery to determine the variations in output
according to different processing schemes and classification methods. This allows for an
independent robust analysis of the image itself in varying scenarios. Moreover, manual
digitization of the glacier boundary in the current study did not necessitate distinction
between peri- and supraglacial debris. Tiwari et al. [153] utilized WV-2 imagery solely for
data interpretation purpose to identify features in the ablation zone of the Bara Shigri glacier
to facilitate supraglacial debris mapping using ASTER thermal, GDEM, and TerraSAR-
X imagery. Buhler et al. [154] identified wet snow and wind transported snow using
WYV-2 imagery. However, their analysis was performed on non-atmospherically corrected
data. The NIR 2 band which was suggested to enable greater differentiation between
snow surfaces did not individually enhance classification in the current study but aided
in the differentiation between dry and wet snow (whenever available). Jawak et al. [155]
extracted snow cover using a comparative analysis of 14 spectral index ratios on principle
component sharpened and GS sharpened WV-2 imagery. Their spectral indices using the
additional bands yellow, red edge, and NIR 2 were most significant in extracting snow
cover. However, in the current study, only NIR 2 was moderately effective. Yellow and
red edge did not add any significant improvement and could be easily replaced by green
or red band. Gray et al. [156] highlighted an interesting application of WV-2/3 imagery
for mapping green and red snow algae. The imagery was converted to reflectance using
the 6S radiative transfer model. Algal distributions documented on field were used to
train SAM classifier to distinguish between green, red, dirty, and clean snow. The authors
highlighted that processing routines can induce biases in the final algal distributions. This
is true even in the case of the current study. Modulations in spectral reflectance due to
changing atmospheric corrections, resolution improvement by pansharpening, selection of
classification algorithm (PBIA), and even operator skill (GEOBIA) play a large role in the
final thematic classifications.

4.5. Final Inferences and Recommendations

The statistical evaluation tabulated and described in Sections 4.1 and 4.2. is sum-
marized and illustrated to outline our findings in Supplementary Figures S1-54. Among
atmospheric corrections (Supplementary Figure S1), we find that DOS (OA = 0.64) is the
most reliable correction across all image subsets. When analyzed between PBIA and GEO-
BIA, DOS is preferred for PBIA, whereas QUAC is most suitable for GEOBIA. Among the
PBIA classification methods, MXL and WTA work best with DOS. In GEOBIA, rule sets 2
and 3 work best with QUAC, whereas rule set 1 performs well with FLAASH. Between the
spectral band combinations classified by PBIA, VNIR_DOS is the most accurate, whereas
in GEOBIA, BGRN1_QUAC, VNIR_DOS, and VNIR_QUAC yielded maximum OA of
0.83. Among pansharpening methods (Supplementary Figure S2), HCS (0.64) delivers an
overall better performance than GS. However, this is due to the aggregated extremely poor
performance of GS in PBIA. In GEOBIA, both GS and HCS improve accuracy, with GS
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delivering the maximum OA of 0.79. Among the GEOBIA rule sets, rule set 3 shows the
maximum improvement in accuracy with GS scoring an OA of 0.86. Among the PBIA
classifiers, MHD yields the highest OA with HCS. Between the spectral band combinations,
the VNIR_HCS combination is the best, but with a very low OA of 0.29. The VNIR_GS
and BGRN1_GS combination via GEOBIA classification yields the maximum OA of (0.79).
A comparison between GEOBIA rule sets and PBIA classifiers (Supplementary Figure S3)
outlines that GEOBIA is the most accurate with rule set 3 delivering the highest OA of 0.86.
Within the PBIA algorithms, MXL delivers the maximum OA of 0.61. Overall findings of
the spectral band combinations (Supplementary Figure S4) suggest that VNIR is the best
performing subset with an aggregated OA of 0.59. The same trend is maintained among
the PBIA and GEOBIA classifications with the VNIR subsets achieving OA of 0.37 and
0.81, respectively.

In Supplementary Figure S5, we provide processing methodologies which may be
followed when using specific spectral band combinations with the tested image processing
and classification methods. The most accurate method is the VNIR_VHR subset atmospheri-
cally corrected by QUAC, pansharpened by GS, and classified in GEOBIA by a combination
of spatial and spectral object features using multiresolution segmentation and rule set 3
(Paper 2). The most efficient method is found to be the VNIR_VHR subset atmospherically
corrected by DOS and classified by MXL.

4.6. Significances and Limitations

In the current study, we find that the DOS atmospheric correction performs best for
VNIR imagery using PBIA. When utilizing GEOBIA, the QUAC correction may yield
satisfactory results, but the DOS correction outperforms all in the overall analysis. Pan-
sharpening does not improve PBIA but causes a significant improvement in GEOBIA
classifications. Rule set definition must include both spatial and spectral attributes. SWIR
data were the most useful for mapping dirty ice, but ultimately did not improve the classi-
fication process. Scene-based adjustments will always be profound when trying to extract
maximum information from satellite data (Paper 2 [60]). Moreover, shadowed snow has
continued to remain a problem (Paper 2 [9]) even with the addition of SWIR bands. Mixed
pixel classifications in PBIA are a persistent phenomenon in an image with highly diverse
spectral [152]. Overlap of spectral signatures can also cause misclassifications [140]. In
glacier facies mapping, the main driver is the accurate characterization of spectral features
into consequent classes. This places an onus on the operator for effective identification
and comparison with literature (in absence of field data) and with field spectra (when-
ever available). PBIA can also result in fractured nature of classification due to spectral
complexity on VHR imagery [157]. This can be reduced by GEOBIA [150]. The key for
effective GEOBIA is segmentation. The multiresolution algorithm parameters selected
here were applicable across all image subsets and processing schemes. This was constant
even when the thresholds and features used for mapping facies were not consistent. The
‘optimal” segmentation parameters selected here may be transferable and need to be tested
further. The current study acknowledges the lack of field data for verification. However,
the equalized random sampling approach utilized here [5] ensures a robust analysis. The
classification of facies and their manifestation in the region was compared with previous
studies to qualitatively assess the mapping methods. Furthermore, the focus of the study is
the compounding effect of preprocessing routines on the resultant classification of glacier
facies using GEOBIA and PBIA, not the most accurate map of glacier facies. The major
limitation is the time needed to manually design rule sets. Moreover, the cognitive skill and
performance of an analyst may play a role in the accuracy of rule set-based classification.
While an existing rule set may be tested exactly for its transferability, development of a rule
set for the same facies may be determined according to the differing knowledge, skills, and
psychological variability of the analyst [31]. To the best of our knowledge, this is the first
study to test the effects of GEOBIA and PBIA using various image processing techniques for
mapping glacier surface facies using VHR satellite data. While the current results are tested
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on VHR VNIR_SWIR data, the results of the study must be tested on medium resolution
satellite data for asserting the scalability of each rule set and classifier. We have not utilized
an ancillary data as in-scene methods utilizing the properties of the available image to the
maximum are necessary for understanding how facies can be mapped in different scenarios
as well as reducing the reliance on ancillary data for accurate results. Moreover, it is well
known that scene-based adjustments are necessary for implementing the same mapping
method on different satellite images over different areas. Our results highlight that, in
addition to sensor- and glacier-based adjustments, image processing-based adjustments
are also necessary due to the impact of different methods of atmospheric correction and
pansharpening on the properties of the pixels/objects of the same image.

Future Directions

The SVM classifier, although not tested here, is shown to have excellent capacity for detailed
information extraction [136]. In this study;, all indices for GEOBIA were created through a trial-
and-error approach, while this is effective for an exhaustive study testing imagery and processing
routines without field data. Shorter applications benefiting from field spectra can utilize an
optimum index factor (OIF), which filters spectral bands based on standard deviation and
correlation coefficients to determine optimal wavelengths [158,159]. Samsudin et al. [160] used
the OIF to select spectral bands for creating indices for mapping degraded roof materials through
WV-3 imagery. Alternatively, Shahi et al. [151] used a stepwise discriminant analysis (DA) to
select bands for creating spectral indices for identifying asphalt roads. Resolution enhancement
in the current study performed established and tested methods of pansharpening. Vivone
and Chanussot [161] outline the potential of hypersharpening, which fuses a multispectral or
hyperspectral image with a higher resolution multispectral /hyperspectral image. This could
be potentially explored for multilevel resolution enhancements to characterize supraglacial
features. To produce facies maps similar in detail to USGS mineral maps, we need a combination
of hyperspectral shape matching [162], field spectra, laboratory spectra [163], and an expert
mechanism of multispectral and hyperspectral wavelength feature characterization [140]. Papers
1,2, and the current work account for the image processing and classification approaches which
may be most suitable for facies mapping. Next, we intend to expand the methodology and
examine classifications of SVM, random forest (RF), and neural network classifiers (NNC) in
continuation of the current work to deliver a comprehensive machine learning based assessment
of glacier facies mapping for the study sites—beyond which the current work will involve field
investigations to produce detailed maps and rigorous comparison against all previous attempts.

5. Conclusions

This study focused on analyzing the impact of pre-processing routines and information
extraction methods for mapping glacier surface facies across two different study areas.
Three atmospheric corrections and two pansharpening algorithms were tested on VHR
VNIR WV-2/3 for Ny-Alesund, and Chandra-Bhaga Basin, Himalaya. The atmospheric
correction methods included DOS, QUAC, and FLAASH. The pansharpening methods
included GS and HCS. Following pansharpening, all processing schemes were divided into
four spectral band subsets. Subset 1 is BGRN1, subset 2 is CYRN2, subset 3 is the VNIR
range, whereas subset 4 is the entire VNIR_SWIR range. These subsets were then subjected
to PBIA and GEOBIA classification methods. The PBIA process involved the utilization of
conventional classifiers such as MHD, MXL, MD, SAM, and WTA; and advanced classifiers
such as ACE, CEM, ME, MTMF, MTTCIME, OSP, and TCIMF. The GEOBIA process involved
multiresolution segmentation followed by development of three rule sets. Rule set 1 was
developed using only object spectral information, rule set 2 was developed using only
object contextual and spatial features, and rule set 3 was developed using a combination
of both spatial and spectral features. The parameters used for segmentation consist of a
scale parameter set at 5, shape set at 0.9, and compactness at 0.4. The features identified
for classification are mean, quantile, standard deviation, min. pixel value, max. pixel
value, edge contrast of neighbor pixels, number of overlapping thematic objects, relative
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border to, and customized ratios/arithmetic features. Among the PBIA classifications,
the MXL classification on VNIR subsets achieved the highest F1 score of 0.50. MTTCIMF
is the worst classifier yielding the lowest accuracy. However, MTTCIMF increased in
performance when pan sharpened using the HCS method, whereas all other classifiers
show a decrease in accuracy when using pan sharpened data. For the PBIA classifications,
the best performing image subset is the VNIR. The trend of reliable performance among
the atmospheric corrections for PBIA is DOS (OA = 0.48) > QUAC (OA = 0.40) > FLAASH
(OA = 0.38). Pansharpening appears to be detrimental to VHR PBIA of surface facies
and is not recommended. In the case of the GEOBIA classifications, the reliability trend
among atmospheric corrections is QUAC (OA = 0.82) > DOS (OA = 0.81) > FLAASH
(OA = 80). Among the pansharpening methods, GS (OA = 0.79) is more suitable than
HCS (OA = 0.76) for the GEOBIA classifications. Rule set 3 delivers the best classification
result, whereas the subsets with the highest accuracy (common OA = 0.79) are the VNIR
and BGRNI1 subset. This highlights the effectivity of the conventional spectral bands for
characterizing glacier facies through both PBIA and GEOBIA. While GEOBIA delivers an
overall greater performance than PBIA, the latter is more efficient. GEOBIA is limited by
the human intervention for developing the rule sets. However, the current study highlights
that GEOBIA may be better suited to map glacier surface facies using VHR VNIR data
through a combination of spatial and spectral attributes. The segmentation parameters were
consistent across all processing schemes and subsets and may be transferable to other VHR
VNIR based facies mapping applications. The mapping procedures outlined in the current
study may be applied on medium resolution satellite data. However, sub-pixel classification
may be necessary to enhance the characterization of facies in coarser resolutions [70]. The
direct alternative would be to utilize fine spatial resolution imagery [82] such as that used
in the current study combined with the proposed methodology to map facies.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/rs14246311/s1, Table S1: The selected glaciers of the study, their areal
extents, and GLIMS reference IDs. The extents were calculated from the delineated shapefiles using
the geometry calculator in ArcGIS, Table S2: Abbreviations/nomenclature of processing schemes used
in the current study. AC: Advanced Classifiers; CC: Conventional Classifiers. Table S3: Measures of
accuracy used in the current study. TP: Samples are those that are in the positive class and are correctly
classified, TN: Samples that are correctly classified as negative, FP: Samples that are not truly of the
positive class but are incorrectly mapped as positive, FN: Samples that are mapped as negative when
they are positive. Figure S1: Highlights the impact of atmospheric corrections progressively at each level
of image processing, Figure S2: Highlights the impact of pansharpening progressively at each level of
image processing, Figure S3: Displays the variations in overall accuracy of GEOBIA rule sets and PBIA
algorithms. Figure S4: Recommendations of the most practical processing strategies if using any of the
image processing routines and mapping methods.
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Abstract: The Arctic is a region undergoing continuous and significant changes in land relief due to
different glaciological, geomorphological and hydrogeological processes. To study those phenomena,
digital elevation models (DEMs) and highly accurate maps with high spatial resolution are of prime
importance. In this work, we assess the accuracy of high-resolution photogrammetric DEMs and
orthomosaics derived from aerial images captured in 2020 over Hornsund, Svalbard. Further, we
demonstrate the accuracy of DEMs generated using point clouds acquired in 2021 with a Riegl
VZ®-6000 terrestrial laser scanner (TLS). Aerial and terrestrial data were georeferenced and registered
based on very reliable ground control points measured in the field. Both DEMs, however, had some
data gaps due to insufficient overlaps in aerial images and limited sensing range of the TLS. Therefore,
we compared and integrated the two techniques to create a continuous and gapless DEM for the
scientific community in Svalbard. This approach also made it possible to identify geomorphological
activity over a one-year period, such as the melting of ice cores at the periglacial zone, changes along
the shoreline or snow thickness in gullies. The study highlights the potential for combining other
techniques to represent the active processes in this region.

Keywords: structure-from-motion; terrestrial laser scanning; digital elevation model; Svalbard; SIOS

1. Introduction

The Hornsund area in southern Spitsbergen (Svalbard) is the focus of wide glacio-
logical [1-4], hydrological [5-9], snow [9], permafrost [10,11], geomorphometric [12-14]
and biological [15] studies performed due to intensive alterations in the surveyed terrain.
Digital mapping of such an environment and its related phenomena has become a funda-
mental requirement to keep track of all such alterations [16]. The most up-to-date, accurate
and precise digital elevation models (DEM) for the study area are generated based on
high-resolution satellites and aerial photos [17]. From these, the DEM with the highest
spatial resolution (2 m) and accuracy (standard deviation = 0.6 m) is derived from aerial
photographs taken in 2011. However, to monitor climate-induced change in the territory,
there is a need for more frequent and accurate data on terrain elevation [17].

The aim of the paper is to examine and combine two DEMs produced from aerial
image sets and terrestrial laser scanning (TLS). All data created within the project are
further available to the scientific community through the Svalbard Integrated Arctic Earth
Observing System (SIOS). Aerial images for the studied area were provided by SIOS
through a dedicated call of proposals (https://sios-svalbard.org/AirborneRS (accessed
on 23 December 2021)). One of SIOS’s missions is to reduce the environmental footprint
of scientific observations in Svalbard [18]. To achieve this mission, SIOS supports and
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coordinates the usage of unmanned aerial vehicles (UAVs) and a crewed Dornier aircraft
to acquire imagery and hyperspectral data for the Svalbard research community to sup-
port scientific projects (https://sios-svalbard.org/AirborneRemoteSensing (accessed on
23 December 2021)). The project started in 2020 and so far, no publications have presented
the accuracy of the data collected within the framework of the project. In this study, we
examine and present the accuracy of products such as orthomosaics and DEMs obtained
during the mission. The aerial data over two Hornsund zones, the Fuglebergsletta and
Werenskioldbreen areas, were collected in June 2020 (Figure 1). The mission took place at
the beginning of the ablation season, when some snow cover was present in the numerous
gullies. Additionally, the flight level limited the sidelap of images, causing data gaps in the
DEM. To address these limitations, a long-range TLS campaign was performed in August
2021. Long-range terrestrial laser scanning is an emerging method for the monitoring of
complex and rough terrain such as mountain slopes, outcrops and deformations [16,19-23].
Here, we used the ultra-long laser scanner Riegl VZ®-6000, which has been successfully
used in cryosphere studies such as glacier mass balance measurements in China [24,25];
the mass balance of very small glaciers in the Swiss Alps [26]; snow distribution at a glacier
located in the Otztal Alps, Austria [27]; glacier snowline determination [28]; or relationships
between different climate forcing and flows of Helheim Glacier, Greenland [29]. However,
at this point there are not many studies on the accuracy of ultra-long laser scans [23,26,30],
especially over 2 km [27]. Further, to our knowledge there has not yet been a study
published concerning the quality control of TLS-collected data with the Riegl VZ®-6000
instrument in the polar region. To fill this gap, we analyzed the accuracy of the relative
and absolute registration of four scans collected over the complex Fuglebergsletta area, the
most studied area near the Polish Polar Station.
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Figure 1. Location of the study area. The blue outlines represent the extent of aerial imagery acquired
during the crewed aircraft campaign in 2020; the red polygon presents the range of data taken by
terrestrial scanner Riegl VZ-6000 in 2021; the red asterisks illustrate the positions of the laser scanner;
the orange dots represent ground control points and the yellow dots represent checkpoints measured
by GPS in 2021; the blue rectangle presents the location of the Polish Polar Station, Hornsund.
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Terrestrial laser scanning (TLS) was next applied to complement the aerial photogram-
metry. The integration of 3D modeling techniques is advantageous for obtaining the most
complete and useful object coverage for many application areas [19]. Integration of aircraft-
based, helicopter-based and UAV photogrammetry with TLS is popular, especially at large
or inaccessible sites [21,23,30-32]. In this paper, digital aerial photogrammetry and TLS
were combined to produce a continuous DEM with the highest possible resolution and
accuracy. Thanks to that, this DEM, based on aerial photos and scanning (TLS), can be
successfully applied to many environmental applications, such as hydrology modeling,
glacier change detection, quantifying depositional and erosional processes in dynamic
and complex fluvial systems, the evolution of the landscape, geomorphology and the
monitoring of landslide displacement [13,33].

2. Study Area

The study area is located in the southern part of Spitsbergen, Svalbard (Figure 1).
The area is characterized by diverse surface coverage such as relatively flat topography,
mountains, tidewater glaciers and land-based glaciers. Narrow coastal plains with raised
marine terraces surround the fjord shores [34]. Further inland, mountain massifs range
in elevation up to 763 m above sea level (a.s.l.). The steep rock walls are cut by a system
of deep chutes and gullies [13]. Two regions are analyzed in this paper. The eastern part
is Fuglebergsletta, containing the Fugleberget massif and Hansbreen tidewater glacier;
the retreat of the Hansbreen caused the exposure of wide lateral moraine ridges with
buried glacial ice [35]. The western studied part is the Werenskioldbreen area; the land-
based Werenskioldbreen glacier’s foreground is flat with active glaciofluvial landforms
and moraine. The vicinity of the Polish Polar Station, located on the shore, makes these
two areas the focus of numerous environmental studies.

3. Materials and Methods
3.1. Aerial Imagery
3.1.1. Data Preprocessing

Imagery acquisition over the research area was carried out during a SIOS crewed air-
craft campaign on 22 June 2020. The aircraft, a Dornier DO228, is fitted with an RGB camera
(Phasone IXU-150, Schneider LS 55 mm £/2.8) and a hyperspectral imager (VNIR-1800,
Norsk elektrooptikk; [18]). The RGB camera and the hyperspectral imager can acquire
images with a ground resolution of 0.1 m and 0.3 m from a flight altitude of 1000 m, respec-
tively. During the Hornsund campaign, 622 high-resolution RGB photos were acquired.
Out of these, 326 were related to the Fuglebergsletta area (covering Polish Polar Station
and Hansbreen surroundings) and 296 to the foreground and frontal part of Werenski-
oldbreen (Figure 1). The images were all acquired at a flight altitude of 1000 m a.s.l,, or
approximately 935 m above ground level, resulting in a ground resolution of approximately
0.085 m per pixel. Due to the variable lighting conditions during the mission, preliminary
exposure compensation was performed (Figure 2). The entire dataset was converted from
the RAW format (48 bit IIQ) to JPEG (24-bit).
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Figure 2. Processing workflow for airborne data and terrestrial laser scanning (TLS).

3.1.2. Ground Control Points and Checkpoints

There was no opportunity to place dedicated ground control points (GCPs) and check-
points before the flight campaign. Therefore, natural points were measured during the
fieldwork in 2021, between 13-18 August (Figure 1). The vast majority concerned centroids
of the characteristic large boulders which could have been correctly defined in the previ-
ously taken aerial photos. Fifty-nine points were measured in WGS 84 UTM 33X projection
by Leica GX1230GG receivers. Measurements were performed at GNSS post-processing
mode (30 min sessions, Phase Fixed solution) and RTK-GNSS mode, with corrections
from the reference station at the Polish Polar Station (PPS). The GCPs at Fuglebergsletta
were within the 4 km range from the PPS. The GCPs at the Werenskioldbreen area were
11-12.5 km from the PPS. The average horizontal and vertical accuracy related to the post-
processing measurements was 0.0003 m and 0.0008 m, respectively. The average horizontal
and vertical accuracy related to the RTK mode was 0.01 m and 0.024 m, respectively.

3.1.3. Data Processing and Quality

The attitude and position of the camera were recorded for each image, using an
onboard navigation system (Applanix POS AV 410). The flight data, together with the
GNSS correction measurements from the Polish Polar Station, were postprocessed us-
ing Applanix PosPac MMS 8 software. The total accuracy of the postprocessed camera
position and orientation were within 0.025 m and 0.01 degrees, respectively. The aerial
images were processed in Agisoft Metashape 1.7.5 software (https:/ /www.agisoft.com/
(accessed on 23 December 2021)), using the postprocessed camera position and orientation
for each image. The structure-from-motion method was used to obtain high-resolution
DEMs and orthomosaics (Figure 2). Structure from motion (SfM) is a photogrammetric
technique for estimating three-dimensional models from two-dimensional images, collected
in proper overlap and coupled with local motion signals [36]. It is widely used in modern
photogrammetry, especially low-level, where UAVs are applied [37].

At the following stages of data processing, the images in full resolution (8280 x 6208 pixels)
were applied. Next, 30 GCPs were used in the aerotriangulation process (Figure 1). In the
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Fuglebergsletta area, the selected 27 GCPs were characterized by an appropriate distribu-
tion, presented in Figure 1. The GCP density was 1.17 GCP/ km?. In the Werenskioldbreen
area, only three GCPs were measured, mainly located in the southern part of the study.
The GCP density was only 0.11 GCP/km?. The aggressive depth filtering was used to
generate dense point clouds, which produced the best results among the available levels.
The remaining artefacts were removed manually. Due to the negligible number of vertical
objects and the use of very high-quality images, estimated by the software at above 0.80,
the total number of removed points was insignificant, below 0.1%.

The remaining 29 points measured by GPS, which did not participate in the aerotrian-
gulation process, were used as checkpoints (Figure 1) to validate the vertical accuracy of
DEM and horizontal accuracy of the orthomosaic generated for Fuglebergsletta. The point
cloud data were exported into the grid format (*.tif) and compared against the GCPs in
ArcGIS software.

3.2. Terrestrial Laser Scanning (TLS)
3.2.1. Long-Range Terrestrial Laser Scanning

The TLS survey was carried out on 15 August 2021, using the Riegl VZ®-6000 long-
range terrestrial laser scanner (Figure 1). The scanner has an effective maximum range of
around 6 km, operates at a wavelength of 1064 nm and uses class 3B laser beams, so can
be used in snow and glacier studies thanks to high rates of reflection (80%) from snow-
and ice-covered terrain [23,24,29]. The result of a single laser scan is a large quantity of
3D data, usually of the order of several million point measurements, each with an x, y,
z and intensity value. This dataset is termed a point cloud and is the raw ‘product’ of
scanning [38]. The laser footprint size estimated from the beam divergence (0.12 mrad for
Riegl VZ®-6000) gives spot sizes of 15 mm at 60 m, 120 mm at 1000 m, 240 mm at 2000 m
and up to 720 mm at distances of 6000 m [39].

Although the range of 6 km theoretically covers most of the area of interest, in order
to increase the density of scans in the far field and reduce shadowing problems [23], a
total of four scans were acquired from various positions to cover the area as uniformly
as possible. The scanning frequency was set to 30 kHz and column and line resolutions
to 0.002°. Riegl instrument uses laser light, so is relatively slow compared to the phase
difference scanners [40]. Therefore, the number of the positions and scan resolutions
were chosen to take advantage of good atmospheric conditions, which is not common in
harsh Arctic conditions. Associated phenomena affecting long-distance estimations are
air temperature, pressure and humidity. Therefore, we used meteorological data from a
nearby meteorological station at the Polish Polar Station during measurements.

3.2.2. Point Cloud Registration

Relative and absolute positioning of scans [38] (Figure 2) was performed using
RiSCAN Pro 2.12.1 (http://www.riegl.com/products/software-packages/riscan-pro/
(accessed on 23 December 2021)). The maximum measured distance by TLS within the
study area was about 7.8 km. However, to minimize the effect of the laser footprint size for
long distances, during the registration process we used only parts of point clouds within
the range of 3 km from the laser scanner position. The data were also filtered to remove
noises, and the unstable area of the glacier was omitted during the registration of the scan.

Fine cloud-to-cloud registration was performed by a Multi-Station Adjustment (MSA)
tool in RiSCAN Pro [32]. The software identifies common plane patches from different
scan positions, links them together and minimizes the errors between all these linked plane
patches by using an iterative matching algorithm [41]. The standard procedure in MSA
uses a plane patch filter [32]; however, our study used triangulated polydata to increase
the number of planes in the registration process. As a result, all point clouds from the four
stations were merged into a single point cloud.

An absolute registration was performed in the last step to fit the merged point clouds
into the reflectors scanned during the field campaign. Five Riegl flat reflectors (50 mm
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diameters) were distributed spatially as evenly as possible around each of the four scanner
positions and measured using RTK-GNSS in the UTM 33X zone. Leica GX1230GG receivers
operating in the RTK mode used corrections from the reference station at the Polish Polar
Station. The average horizontal and vertical accuracy of RTK GNSS measurements of all
20 reflectors was 0.01 m and 0.02 m, respectively.

3.2.3. Validation of TLS

Absolute positioning allows laser scans to be integrated with the other registered
data [38]. However, before such integration, validation of the data should be performed.
The densities of TLS point clouds strongly depend on the distance to the scanning system
and the chosen scan frequency [23]. Therefore, to uniform the data, point clouds were first
filtered with the Octree algorithm in RiISCAN Pro 2.12.1 and then exported to the LAS
format. Next, the data were imported to ArcGIS, converted into the raster format and
compared against the 19 GCPs and checkpoints measured in 2021 (see Chapter 3.1.2) which
were captured during scanning.

3.3. Integration of Aerial and TLS Based Data

To assess the difference between aerial-based and TLS-based DEMs, we used the
freely available Multiscale Model-to-Model Cloud Comparison (M3C2) plugin for open-
source CloudCompare software [42]. M3C2 is an algorithm used for multitemporal point
cloud distance calculations. It estimates local positions in two input point clouds by using
the surface normal vectors to determine the median point within a cylinder of defined
radius [42,43]. For the point-cloud-based strategy, the M3C2 algorithm is chosen as the best-
established method, especially in earth sciences, when dealing with irregular surfaces [44].
Here, we used the algorithm to compare the data and find areas where differences between
both point clouds were significantly larger than the estimated accuracy of the DEMs
generated from those point clouds. Buildings and noises were removed from the point
clouds. Normal calculations were performed at a fixed scale (D = 2 m) using the core
point file.

Both DEMs contain data gaps; therefore, we combined both DEMs to create a con-
tinuous gapless product with the best possible accuracy and resolution. Missing data in
aerial-based DEM stem from too low a sidelap of images. TLS data gaps arise from two
primary sources: a line-of-sight obstacle resulting in occlusion (holes in the data as some
foreground interfered with the scanner’s line of sight) and a dropout resulting from a
specular reflective or absorbent surface, preventing the energy from a given laser pulse
from returning to the TLS instrument [38,45]. Furthermore, TLS data has inhomogeneous
point density throughout the area [16,22,30,42,46]. Thus, we used the aerial-based DEM
with relatively homogeneous point distribution as the reference dataset. Next, the data
gaps and areas covered by snow were replaced by the data from TLS. In a few small zones
without any data, TLS data were interpolated using the Inverse Distance Weighting (IDW)
algorithm [16].

4. Results
4.1. Digital Elevation Model and Orthomosaics Based on Aerial Imageries
4.1.1. Fuglebergsletta

As a result of aligning the images, 325 from 326 were correctly aligned. Camera
locations and image overlaps are presented in Figure 3A. Details on data processing are
shown in Table 1. The final resolution of the DEM equals 0.169 m and the point density
was 35.2 points/m?. The root mean square error for all 27 GCP locations calculated by
the software was 0.0018 m. Based on the improved dense clouds, digital elevation models
were generated. The DEM was exported to raster format with 0.169 m resolution, the
best possible resolution with this software, to increase the possibility of mapping even the
smallest geomorphological features [16]. The vertical quality of the DEM was assessed
based on 29 GCPs that were not used in the aerotriangulation process (Figure 4A). The
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standard deviation equaled 0.14 m, with a mean value of —0.22 m and a median value of
—0.19 m. The maximal vertical error of the DEM equaled 0.54 m. There is a small systematic
error in the DEM. In general, the elevation of the DEM generated in Agisoft is slightly
higher than the measured elevation of the checkpoints.

2km 1km

Figure 3. Camera locations (black dots) and image numbers and overlaps over Fuglebergsletta (A)
and Werenskioldbreen area (B).

Table 1. Processing settings and final resolution of the products.

Image Alignment Dense Cloud Depth 3D Model DEM Orthomosaic
" Maps
Accuracy P:Jril:t s Quality Points Filtering Quality Faces Size Resolution Size Resolution
73,519 x 106,313

Fuglebergsletta ~ High

356,693 High 1,074,237,705 Aggressive  High 213,379,209

3769 0109m50ag  0.0843m

Werenskioldbreen High

323830  High 959,690,194 Aggressive High  191,045203 ©1D%2 X 0174m

81,027 x
45,592 53,511 0.087 m

After the final colour calibration of the entire dataset, an orthomosaic was produced
(Figure 4B). The resolution of the orthomosaic was two times higher than the DEMs, which
were the basis for its creation, and equalled 0.0843 m. The horizontal accuracy of the
orthomosaic was estimated based on the same GCP points as those used for the DEM
accuracy assessment. The standard deviation of the horizontal accuracy equalled 0.10 m,
with a mean value of —0.12 m and a median value of —0.10 m.

In the low-image-overlap areas, the insufficient color blending over merged images
may be noticeable. Even using color and white balance calibration in postprocessing, this
effect was difficult to eliminate. For flat areas located below c. 140 m a.s.l., the applied
flight parameters were sufficient to assemble the models. However, the mountain slopes
and peaks on both study sites were characterized by either insufficient or a complete lack
of coverage (Figure 3A). This resulted in broad blank areas (Figure 4) in the DEM and
orthomosaic. Parts of the model composed only of a pair of images occasionally presented
coarse graining or a deep generalization of elevation data (Figure 5A). Similar effects occur
even with multiple overlaps on watercourses, surface water (Figure 5A) and the sea. For
this reason, the DEM shows negative point values, reaching —15 m. Artefacts were also
generated by moving objects, such as animals (Figure 5B).
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Figure 4. Digital Elevation Model (A) and orthomosaic (B) for the Fuglebergsletta area. Orange
points represent GCPs used during processing in Agisoft, while yellow points served as checkpoints
to estimate the quality of the products.
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Figure 5. Artefacts described in the text: coarse graining or a deep generalization of elevation data
(A), artefacts generated by reindeers (B) and noises over water bodies (A,C).

4.1.2. Werenskioldbreen Area

As a result of aligning the images, 285 out of 296 photos for Werenskioldbreen were
aligned correctly. Both the automatic and manual alignment functions failed to merge
ten images representing the southern part of the glacier. It was caused by low overlap
over the Angellfjellet ridge (594 m a.s.l.) and partial cloud cover over this area, making
it difficult to detect tie points correctly. Camera locations and image overlaps for the
second area are presented in Figure 3B. Details on data processing are described in Table 1.
The final resolution of the DEM equals 0.174 m and the point density is 33 points/m?.
The root mean square error for three points used in aerotriangulation was 0.0011 m. The
resolution of the DEM in raster format and orthomosaics generated for the zone was 0.174
and 0.087 m, respectively (Figure 6). The resolution difference between orthomosaics for
Werenskioldbreen and Fuglebergsletta was caused by the variation between mean ground
level and flight altitude. Similar to the DEM for Fuglebergsletta, noises over water bodies
(e.g., Figure 5C) are also present for the Werenskioldbreen area.

No checkpoints were applied to assess the final absolute vertical accuracy of the
DEM and horizontal accuracy of the orthomosaic. However, we compared the DEM and
orthomosaic generated using three points in aerotriangulation and without using any
GCP. Results show significant improvement of the former products. The DEM accuracy
measured over the three GCPs increased from 1.77 m to 0.22 m. The horizontal accuracy
of the orthomosaic increased from 1.29 m to around 0.1 m (the orthomosaic was shifted
towards the southeast).
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Figure 6. Digital Elevation Model (A) and orthomosaic (B) for the Werenskioldbreen area. Orange

points represent GCPs used in processing in Agisoft.

4.2. TLS

In this study, we only used point clouds within 3 km from the laser scanner position
(Figure 7; see Chapter 3.2.2). The four scans were registered using nearly 540,000 plane
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patches detected throughout the area (Figure 7). The final point cloud had over 117 million
points, with a density of around 500-600 thousand points per m? in the near-field region of
the scans and just a few points per m? at the distance of 3 km from the scanner. The RMS
error obtained during the relative registration of all four point clouds was 0.09 m.

77°N

Height (m)
+ 500-600
+ 400-500
300-400
200-300
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Figure 7. Terrestrial laser scanning data over the study area. The yellow polygon in (A) indicates the
area covered by all scans, while the brown polygon presents the data range used in the registration
procedure. Yellow asterisks in (B) illustrate the positions of the laser scanner. Orange and yellow
dots represent GCPs and checkpoints that served to estimate the quality of the raster DEM generated
from TLS data. Red dots in (C) present the example positioning of the RIEGL reflectors regarding the
scanner position.

The final point cloud was then georeferenced utilizing 20 RIEGL reflectors (Figure 7C),
with an RMS error of 0.13 m. The lowest accuracy in the northerly direction (0.2 to 0.3 m)
was noticed for the two lateral scans, numbers 2 and 4. The lowest accuracy in the easterly
direction was for scan number 1 (0.21 to 0.25 m). Height accuracy was high for all scans (of
order 0.01-0.05 m).

The georeferenced cloud point was next filtered using an Octree algorithm in RiSCAN
Pro 2.12.1 with a cell length of 0.16 m and converted into the raster format in ArcGIS (Esri,
California) with 0.16 m resolution. As the areas of DEM interpolated in the shadow are
characterized by lower accuracy, NoData values were assigned to the raster where holes
in the data were present. Therefore, the DEM contains data gaps and keeps information
only at spots measured directly by the laser scanner. The vertical quality of the TLS-based
DEM was assessed based on the 19 independent points (Figure 7B). The standard deviation
equalled 0.31 m and median value —0.19 m. The maximal vertical error of the DEM
was 0.93 m.
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4.3. Integration of Aerial DEM with TLS

The resulting M3C2-based point cloud distances are presented in Figure 8. Generally,
the differences between both point clouds over the surveyed area were in the range of the
vertical accuracy of the product (SD equalled 0.14 m and 0.31 m for aerial and TLS data,
respectively). The map of surface differences shows local changes ranging from —4 m to
2 m (Figure 8A). The largest recorded differences, up to —4 m, are noted over the gullies
and depressions filled by snow in 2020. Therefore, before integrating both DEMs, all areas
covered by snow were removed from the aerial-based point cloud (Figure 8B,C). We also
documented the erosion of lateral moraine of Hansbreen (around —0.7 m), which consists
of an ice core covered with debris, as well as erosion along the shoreline. There are elevation
changes of about 1 m concentrated over the mountain slope in the western part of the
analyzed area. Numerous large boulders probably affect the quality and accuracy of the
TLS-based DEM in that zone. As the scanner was located on marine terraces, around 300 m
below, the laser beam was directed significantly upwards, and reflected off the wall of
these boulders, rather than the top. Regardless of these local differences, we combined both
DEMs into one continuous product. The final dataset (Figure 8D) is composed of a mosaic
of two DEMs in raster format. All data gaps and snow areas in the aerial-based DEM
were filled with the TLS-based DEM, with a blending option over a two-meter seamline.
Moreover, we interpolated DEM values for a few remaining holes, where no data from
both campaigns were present and interpolation of the DEM was made under the building
and infrastructure of PPS (Figure 8D).

a) gullies covered by snow %
b) ice core covered with debris
. C) large boulder's zone
* d) shoreline erosion

\

Height (m)
m 550

=0

Figure 8. Comparison of the multitemporal point clouds: aerial-based point cloud from images
taken in 2020 and TLS-based point cloud collected in 2021. (A) M3C2-calculated distance between
aerial-based and TLS dataset; (B) orthomosaic presenting data gaps and snow cover over the land in
2020; (C) vertical difference of the point clouds with snow cover area eliminated from further data
integration; (D) the final DEM integrated from both DEMs. Black polygons present the areas where
DEM was interpolated.
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5. Discussion

The two approaches to acquiring the terrain data discussed in this paper are helpful in
studying the landform topography and different environmental processes in the Hornsund
area. However, both technologies have their limitations. The best vertical accuracy was
noted for the aerial-based DEM. However, the limited sidelap of the mission caused data
gaps in DEM over mountain slopes. Such settings should be considered when planning
subsequent missions in the future, especially when the area of interest is land relief of the
mountain regions.

Further, as GCPs and checkpoints were not established prior to the photograph sur-
veys, we chose large, outsize boulders to serve as calibration and validation points [47,48].
Using such existing ‘stable” features is a limitation of studies that use photogrammetric
methods to produce DEMs [48]. For the first studied zone, Fuglebergsletta, we used
enough GCPs to generate the DEM and orthomosaic and assess their accuracy. For the
Werenskioldbreen area, only three points would have been used to create the DEM and
orthomosaic. Thus, more significant distortions in the northern part of the study must
be expected due to the lack of GCPs in that part of the model. Notwithstanding this, we
generated the best products with the best resolution and accuracy for the Hornsund area.
Further, it is possible to supplement them with better-representing GCPs and recalculate
the dataset in the future. We would also like to underline here that regardless of the vertical
accuracy of DEMs, the very high resolution of the DEMs gives the possibility to map even
the smallest geomorphological features, compute geomorphometric indices and carefully
estimate geomorphometric parameters [16].

The accuracy of the TLS-based DEM is slightly lower than the aerial-based product.
One of the properties that strongly influenced the long-range TLS was an inhomogeneous
point density throughout the area of interest and positional uncertainty due to the laser
beam width [22,30,42,46]. Laser footprint size at long 3 km distances equals around 0.36 m.
Furthermore, on inclined surfaces the laser footprint becomes deformed to an ellipse [22].
The uncertainty caused by these large footprints are not yet quantified, but is expected
to be in the order of decimeters and strongly depends on the distance from the scanner
to the surface [27]. Laser scanner data are susceptible to data gaps in locations not in the
direct line-of-sight of the scanner, resulting in ‘range shadows” which inherently added
uncertainty to the derived product [22,38,42,45,49]. Further, the configuration of the scan
position and Riegl flat reflectors [30] was limited by terrain conditions, which would
increase the error in relative alignment and absolute registration of scans. Considering all
these limitations, the final vertical and horizontal accuracy of the TLS-based DEM of order
0.30 m is not unexpected to be in the lower-decimeter range [27] and is the best possible
for the complex natural terrain. The DEM at interpolated areas has a quality lower than
estimated in the study. In the future, viewshed analysis before TLS fieldwork could remove
the shadowing effect [50,51] and improve the accuracy of the data.

The snow cover present in the aerial imagery taken in 2020 and data gaps in both point
clouds led us to integrate both datasets [32,52]. Usually, within point-cloud-based strategies,
the data acquired in at least two epochs are used to determine the geometric changes
between them [30,43,44,52]. Here, apart from the accuracy assessment, we compared and
combined the data acquired within one year. The distances between both point clouds were
distributed unevenly over the whole area. The differences lower than the vertical accuracy
of DEM (SD = 0.31 m) indicated the stable area. The final DEM for Fuglebergsletta was
composed of the aerial-based DEM, with data gaps and the snow-covered regions filled
by TLS data. One needs to keep in mind that the expected accuracy of such a product is
lower than singular point clouds acquired over two years, as the combined DEM comes
from the datasets collected in 2020 and 2021. Merging two DEMs from two different
years is challenging, as the study area is undergoing continuous changes in land relief.
However, temporal changes in most of the area are below the accuracy of both DEMs, and
therefore the DEM can be successfully applied to hydrological, glaciological, biological
and geomorphometric studies, when observed changes are larger than the accuracy of the
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DEM. In other words, the merged DEM that we have generated represents the topography
of the region’s independent annual surface elevation changes, since the incorporated data
were collected during the following two years. In the process of merging two datasets, the
annual elevation changes may not reflect in the resulting DEM because of suppression of
high-density elevation data recorded from TLS and photogrammetric methods [53,54].

To conclude, the final point clouds, DEMs and orthomosaic are the best terrain prod-
ucts with the highest spatial resolution for the Hornsund area and can be used for further
environmental studies. They allowed us to identify local geomorphic processes, such as
melting of ice cores at the periglacial area or shoreline erosion. However, for studies aiming
to identify changes within a specified time range or slow geomorphometric processes on
slopes, we recommend using data from the same types of sources (aerial/TLS) or stem-
ming from a more extended period, such as DEMs generated from aerial imagery taken
in 2011 [17]. In addition, we would like to underline here that all the DEMs should be
first co-registered [55,56] and the final error must be defined to differentiate between real
changes and data noise [22]. This is especially important for the DEM of the Werenskiold-
breen area, as only three GCPs located along an almost-straight line were used in the data
processing. This suggests that despite the high relative accuracy of the DEM, the absolute
accuracy could be lower and decrease with the distance from measured GCPs; therefore,
co-registration is needed when comparing with the other data.

6. Conclusions

The Hornsund area is the site in the focus of several studies due to the vicinity
of the Polish Polar Station. It is a complex terrain under constant changes, although it
lacks repeated datasets with spatial resolution high enough to map even the smallest
geomorphological features. In the present study we derived aerial-based DEMs, TLS-
based DEMs and orthomosaics, and assessed their accuracy and usefulness for further
environmental studies.

Aerial data provided by SIOS were used to generate the DEMs and orthomosaics for
the Fuglebergsletta and Werenskioldbreen areas. The products lack gaps over the mountain
slopes due to the low sidelap during the flight. Nevertheless, the derived DEM has sufficient
quality to study different geomorphometric features. Long-range TLS, despite limitations
such as data gaps, complex terrain which limits scan positions and large laser footprint
sizes at long distances, can also serve for future analysis of the different geomorphological
processes. In particular, the area close to the scanner position with very dense point clouds
can be used for future studies of 3D displacements and minor geomorphological features.

This work demonstrates that combining other techniques could be an option, especially
in remote polar areas, when data acquisition depends on many factors. In order to remove
the aforementioned holes in the datasets from aerial and TLS surveys, we integrated both
DEMs over the area close to the Polish Polar Station. Comparison of the point clouds
revealed a few small zones under local geomorphic processes, such as the melting of ice
cores at the periglacial zone and changes along the shoreline. The differences in both
products over the rest of the area were generally lower than the accuracy of both DEMs.
This allowed us to combine the data and create the final continuous DEM without gaps
for the Fuglebergsletta area. After the proper co-registration, all point clouds and DEMs
can be successfully applied in further studies of landform evolution and hydrological,
geomorphometric and other processes in the region.
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Abstract: The topic of this paper is the airborne evaluation of ICESat-2 Advanced Topographic
Laser Altimeter System (ATLAS) measurement capabilities and surface-height-determination over
crevassed glacial terrain, with a focus on the geodetical accuracy of geophysical data collected from a
helicopter. To obtain surface heights over crevassed and otherwise complex ice surface, ICESat-2 data
are analyzed using the density-dimension algorithm for ice surfaces (DDA-ice), which yields surface
heights at the nominal 0.7 m along-track spacing of ATLAS data. As the result of an ongoing surge,
Negribreen, Svalbard, provided an ideal situation for the validation objectives in 2018 and 2019,
because many different crevasse types and morphologically complex ice surfaces existed in close
proximity. Airborne geophysical data, including laser altimeter data (profilometer data at 905 nm
frequency), differential Global Positioning System (GPS), Inertial Measurement Unit (IMU) data,
on-board-time-lapse imagery and photographs, were collected during two campaigns in summers
of 2018 and 2019. Airborne experiment setup, geodetical correction and data processing steps are
described here. To date, there is relatively little knowledge of the geodetical accuracy that can be
obtained from kinematic data collection from a helicopter. Our study finds that (1) Kinematic GPS
data collection with correction in post-processing yields higher accuracies than Real-Time-Kinematic
(RTK) data collection. (2) Processing of only the rover data using the Natural Resources Canada
Spatial Reference System Precise Point Positioning (CSRS-PPP) software is sufficiently accurate for
the sub-satellite validation purpose. (3) Distances between ICESat-2 ground tracks and airborne
ground tracks were generally better than 25 m, while distance between predicted and actual ICESat-2
ground track was on the order of 9 m, which allows direct comparison of ice-surface heights and
spatial statistical characteristics of crevasses from the satellite and airborne measurements. (4) The
Lasertech Universal Laser System (ULS), operated at up to 300 m above ground level, yields full
return frequency (400 Hz) and 0.06-0.08 m on-ice along-track spacing of height measurements.
(5) Cross-over differences of airborne laser altimeter data are —0.172 £ 2.564 m along straight paths,
which implies a precision of approximately 2.6 m for ICESat-2 validation experiments in crevassed
terrain. (6) In summary, the comparatively light-weight experiment setup of a suite of small survey
equipment mounted on a Eurocopter (Helicopter AS-350) and kinematic GPS data analyzed in
post-processing using CSRS-PPP leads to high accuracy repeats of the ICESat-2 tracks. The technical
results (1)-(6) indicate that direct comparison of ice-surface heights and crevasse depths from the
ICESat-2 and airborne laser altimeter data is warranted. Numerical evaluation of height comparisons
utilizes spatial surface roughness measures. The final result of the validation is that ICESat-2 ATLAS
data, analyzed with the DDA-ice, facilitate surface-height determination over crevassed terrain, in
good agreement with airborne data, including spatial characteristics, such as surface roughness,
crevasse spacing and depth, which are key informants on the deformation and dynamics of a glacier
during surge.

Remote Sens. 2022, 14, 1185. https:/ /doi.org/10.3390/rs14051185 267

https:/ /www.mdpi.com/journal/remotesensing



Remote Sens. 2022, 14, 1185

Keywords: ICESat-2; laser altimetry; kinematic GPS experiments; glaciology; surge glaciers; svalbard;
density dimension algorithm for ice surfaces; airborne validation of satellite data

1. Introduction

With the Advanced Topographic Laser Altimeter System (ATLAS), NASA’s ICESat-
2, launched on 15 September 2018, carries the first space-borne multi-beam micro-pulse
photon-counting laser altimeter system [1,2]. The ATLAS system records returns from every
single photon in the 532 nm range of the sensor, which facilitates determination of along-
track surface heights at the 0.7 m resolution of the sensor (under clear-sky atmospheric
conditions), using the Density Dimension Algorithm for ice surfaces (DDA-ice) [3]. This
capability of high-density measurements constitutes a better than 200-fold improvement in
resolution over the 173-m spacing of the Geoscience Laser Altimeter System (GLAS) of the
ICESat Mission, which operated from 2003 to 2009 [4,5].

Such increased density of measurements requires a field validation with high geode-
tical accuracy to establish that the surface heights determined from ICESat-2 accurately
represent the actual surface heights and morphologies of an ice surface, especially for
the complex morphology of heavily crevassed ice surfaces. Capturing crevassed surfaces
accurately is important, because crevassing occurs as a sign of fast-moving and accelerating
glaciers. Glacial acceleration is one of the largest sources of uncertainty in sea-level-rise
assessment, according to the Fifth Assessment Report (AR5) of the Intergovernmental Panel
of Climate Change (IPCC) [6]. The different spatial characteristics of crevasse fields, includ-
ing crevasse spacing, depth and surface roughness, yield information on the deformation
characteristics and ice dynamics during glacial acceleration [7-11].

To assess the surface-height determination capabilities of ICESat-2 ATLAS, we carried
out an airborne geophysical evaluation campaign over Negribreen, Svalbard, during surge
in summer 2019. The objective of this paper is a geodetical and glaciological evaluation
using laser altimeter, image and geodetical data collected during this campaign. Negribreen
accelerated to more than 200 times its quiescent-phase ice speed in July 2017, with a
maximal speed of 22 m/day at the height of the surge acceleration [3]. The glacier’s
rapid mass transfer to the Arctic Ocean during the surge provides a prime example of
the relationship between dramatic mass loss through calving and the surge process [12].
A surge in a Svalbard glacier typically lasts 7-10 years [13]. Maximal velocities in summer
2019 were still around 7 = 6 m/day, based on our analysis of Sentinel-1 Synthetic Aperture
Radar (SAR) data.

Negribreen during surge is an ideal validation region, because many types of crevasses
and other complex surface types exist in close proximity (Figure 1). This heavily crevassed
environment provides a set of challenges for surface-height measurement and surface-
height determination, whose solution will indicate that surface heights can be determined
accurately in other crevassed and smooth glaciated regions as well. Because crevasses are
relatively small features, a high geodetical accuracy and a close repeat of satellite track
by airborne tracks is important, both will be analyzed in this paper. As there is not much
literature about kinematic GPS data collection from a helicopter for the purpose of satellite
data evaluation, the mathematical geodetical results of this paper are expected to be of use
for future airborne experiments.

268



Remote Sens. 2022, 14, 1185

Figure 1. Negribreen during surge in 2017-2019. The multitude of different surface types indicates
that a glacier during surge provides an ideal test situation for evaluation of height determination
over crevassed and other complex ice surfaces. Photographs by Ute Herzfeld. (a) Negribreen surge
July 2017, overview. (b) Wavy crevasses and folded moraines in central Negribreen, July 2017.
(c) Several different crevasse provinces in central Negribreen, July 2017. (d) Calving front, ice fingers
advancing into the ocean (front right), with smooth surface of non-surging Ordonannsbreen in the
back left, July 2017. (e) Crevasse province near calving front July 2018. (f) Blocky crevasses near
RGT 594 region, July 2018. (g) Ordonannsbreen-Negribreen boundary near calving front, August 2019.
(h) Folded moraines and surge crevasses, August 2019.
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The precision of ICESat-2 ATLO06 (version 003) [14,15] ice surface height data has been
determined as better than 7.2 cm, with a bias of less than 3.3 cm for smooth and flat ice/
snow surfaces at 88° Southern latitude in Antarctica, which is the circle of convergence
of the ICESat-2 ground tracks [16]. Ref [17] conducted a field evaluation along the Chi-
nese Antarctic Expedition Route (CHINARE, a route driven with a Pisten Bully) near
Amery Ice Shelf, using GNSS, in December 2019 to February 2020, finding that ICESat-2
ATLO6 (version 003 data) are precise to 1.5 cm with 9.1 cm precision and surface heights
of ATLO3 photon events [18,19] are accurate to 4.3 cm with 8.5 cm precision. Since this is
a route that was driven with a Pisten Bully, it is all smooth, uncrevassed ice. However,
the ICESat-2 ATL06 data product is a 40 m along-track ice-surface height product with
20 m postings, which generally does not report crevassed and otherwise morphologically
complex glaciated terrain, and the photon classification on the ATL03 product often fails
over such terrain [3]. The study in this paper complements such determinations of mea-
surement accuracy over smooth and flat ice surfaces by investigations of surface-height
determination over crevassed and otherwise complex regions, derived using the DDA-ice.
The surface-height-determination problem has been addressed in [3], here, we focus on the
geodetical component of ICESat-2 validation campaign data over crevassed terrain.

In this paper, we describe the ICESat-2 ATLAS data, experimental and instrumental
setup of the airborne geophysical field campaigns, the process for geodetical correction
of the airborne data using GPS/GNSS data and IMU data, and the resultant accuracies.
Results will include (1) the capability to repeat satellite tracks during a helicopter-based
airborne validation campaign, (2) the type of geodetical corrections and associated accuracy,
(3) spatial characteristics of airborne data (on-ice spacing of resultant altimeter data),
(4) determination of cross-over heights from airborne laser altimeter data after correction as
an indicator of vertical precision of the field data, (5) the resultant accuracy of surface-height
determination and variability, derived from ICESat-2 ATLAS data using the DDA-ice, and
(6) the resultant ability to derive spatial characterizations of the morphological properties
of the ice surface, exemplified by a surface-roughness parameter.

2. ICESat-2 ATLAS Data
2.1. ATLAS Instrumentation, Data Collection Geometry, Basic Corrections and ATL0O3
Data Product

ICESat-2 ATLAS data are collected along-track, for 3 pairs of 2 beams, a strong beam
and a weak beam per pair, where the weak beam has a quarter of the energy of the
strong beam [1,2]. Across-track separation of the beams on the Earth’s surface is 3.3 km
between the centers of adjacent pairs and 90 m for the beams within each pair; ICESat-
2 beam pattern and track geometry are illustrated in Figure 2. The sensor operates in
the 532 nm wavelength (green light) with a pulse-repetition rate (PRF) of 10 kHz. The
PRF results in a nominal 0.7 m spacing of the laser pulses on the Earth’s surface, under
clear-sky atmospheric conditions. ATLAS has a footprint diameter of less than 17.4 m
at 85% encircled energy. The Field of View (FOV) of the receiver telescope is 83.8 urad,
equivalent to 45 m FOV on the surface of the Earth. Observatory performance has been
assessed in [20], where the actual footprint is characterized as closer to 10 m in diameter.
As the FOV moves along the satellite ground track and returns from every single photon
(in the 532 nm wavelength domain of the sensor) are recorded, surface structures at much
higher resolution than footprint diameter can be resolved (see Section 2.2 and [3]). The
instrumentation and derivation of the recorded photon point cloud are described in [2],
and any technical component of the instrument and data set necessary for understanding
the work in this paper is found in [3].
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Figure 2. ICESat-2 beam pattern and track geometry. For observatory orientations of ATLAS flying
forward (“weak beams leading”) and ATLAS flying backward (“strong beams leading”). Beam
numbering is a feature of the transmitter array, while spot and ground track numbering is a feature
of the ATLAS data products, see Table 1. (Figure from [3], Figure 3).
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ATLAS records returns from every photon in the 532 nm wavelength domain of the
sensor. This results in a so-called photon point cloud. The photon point cloud includes
photon events from ambient light (background) and photon events that results from the
active laser signal of the instrument; these types of photons are initially not distinguishable.
Classification of photons into signal and background requires a sophisticated mathematical
algorithm, since the classification problem is mathematically ill-posed. For the solution
of the classification problem and the determination of surface heights, we apply the
density-dimension algorithm for ice surfaces, the DDA-ice [3,21], briefly introduced in
Section 2.2. Data in this paper stem from the ICESat-2 ATLO03 data product (version 003) [19],
described fully in the Algorithm Theoretical Base Document (ATBD) for Geolocated Photon
Points [18]. There is a classification of photons provided on ATL03, however, the work in
our paper utilizes the classification based on the DDA-ice (the ATLO03 classification often
fails over crevassed surfaces). Note that technically, the data sets (ICESat-2 ATLAS data
products) are referred to by version number (here: version 3), while the algorithms used
to create the data products are referred to by release number (here: release 3). Because
the geodetical corrections have not changed significantly in a way that would affect the
ATLO03 data geolocation and especially the representation of crevasse characteristics, the
field validation presented in this paper is expected to be valid for subsequent releases as
well (to release 5, the last release at publication date of this paper) [22].

Of relevance for the airborne validation campaign of the ICESat-2 ATLAS data is
the concept of Reference Ground Tracks (RGTs). ATLAS ground tracks are referenced to
the RGTs, which are calculated ahead of time, prior to the mission. There are a total of
1392 RGTs. Actual ATLAS ground tracks are derived after data collection and following
detailed geolocation.

The ICESat-2 beam pattern and track geometry depend on the orientation of the ob-
servatory, which can be flown in two modes, forwards (+x) and backwards (—x) (Figure 2).
All data in this paper were collected during an “ATLAS oriented backwards” phase in July
and August 2019. The orientation of the observatory changes which ground track stems
from a weak beam and which one from a strong beam (see, Table 1). Therefore, for each
track used in this paper “strong beam” or “weak beam” are specified (tracks are labeled
gtlr, gtll, gt2r, gt2l, gt3r, gt3l where the number stands for the beam and the letter for “left”
or “right”. Beam 2 is the center beam and the RGT splits the distance between gt2r and gt21
by design. Reference pair tracks split the distance between (gt1r, gt1l) and (gt3r, gt31). Both
weak beam and strong beam data were evaluated during our validation campaign. For
shortness, we use the terminology “predicted ATLAS tracks” for ground tracks calculated
ahead of time from the RGTs and “actual ATLAS tracks” for ground tracks derived from
ATLAS observations, corrected as summarized in the next paragraph.

After data collection, the geolocation process results in the association of latitude,
longitude and height for each telemetered photon event in the point cloud. It uses Precision
Pointing Determination (PPD) of the laser and Precision Orbit Determination (POD).
ATLAS carries a Laser Reference System (LRS), two GPS antennas and Spacecraft Star
Trackers. The process is described in short in [3], in more detail in [2] and in full in the
geodetical part of the ATLO3 ATBD for Receive Photon Geolocation ATL03g [22], see
also [23]. The location of the “bounce point” of the laser altimeter on the ice surface is given
in the International Terrestrial Reference Frame (ITRF, Petit and Luzum [24]) ITRF 2014
(ITRF14) as latitude, longitude and height w.r.t. the World Geodetical System WGS84 in
realization G1150 with ellipsoid constants (4, = 6,378,137 m, Jl( = 298.257223563) [2]. We
will utilize the same referencing for the airborne laser altimeter data of our campaign. After
geolocation, several geophysical corrections are applied to the photon points [2,3].
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Figure 3. Negribreen ICESat-2 Airborne Validation Campaign 2019: Experiment setup, track maps, lo-
cation map and satellite image. (a) Field team 2019 (f.1.t.r. Ute Herzfeld, Harald Sandal (pilot) and Gus-
tav Svanstrom (technician), Matthew Lawson, in front of the Airlift/ NPI helicopter; photograph by
Thomas Trantow), on the side of Negribreen, flight 1, 12 August 2019, (b) GPS base station on a ridge
above Negribreen, 2018 (Connor Myers), photograph by Ute Herzfeld. (c) Planned and actual flight
tracks and predicted ICESat-2 ATLAS ground tracks. Flight 1, 12 August 2019; Flight 2: 13 August
2019. Background Landsat-8 data (5 August 2019) [LC08_L1TP_215003_20190805_20190820_01_T1].
(d) Zoom into (c) for area of RGT 594 and RGT 450 analyzed in this paper. (e) Location map. (Figure
panels (c-e) after [3]).

273



Remote Sens. 2022, 14, 1185

Table 1. Identifiers for ATLAS orientations. (After [3], Table 1).

ATLAS Flying Forwards
PCE Strength ATLAS Spot Pair GT ATL03 Beam  ATL04/09 Atmosphere Orientation
1 Strong 1 Right gt3r 5 profile_3 1
1 Weak 2 Left gt3l 6 profile_3 1
2 Strong 3 Right gt2r 3 profile_2 1
2 Weak 4 Left gt2l 4 profile_2 1
3 Strong 5 Right gtlr 1 profile_1 1
3 Weak 6 Left gtll 2 profile_1 1
ATLAS Flying Backwards
PCE Strength ATLAS Spot Pair GT ATL03 Beam  ATL04/09 Atmosphere Orientation
1 Strong 1 Right gtll 5 profile_1 0
1 Weak 2 Left gtlr 6 profile_1 0
2 Strong 3 Right gt2l 3 profile_2 0
2 Weak 4 Left gt2r 4 profile_2 0
3 Strong 5 Right gt3l 1 profile_3 0
3 Weak 6 Left gt3r 2 profile_3 0

2.2. The Density-Dimension Algorithm for Ice-Surface-Height Determination (DDA-Ice) in
Crevassed and Other Complex Terrain—Description in a Nutshell

The analysis of the ATLAS data utilizes the Density-Dimension Algorithm for ice
surfaces (DDA-ice) [3,21]. The DDA-ice is an algorithm specifically developed for surface-
height determination from micro-pulse photon-counting laser altimeter data, especially
those of the ICESat-2 ATLAS instrument and similar sensors. The DDA-ice is intro-
duced in [21] for data from the Slope Imaging Multi-polarization Photon-counting Lidar
(SIMPL) [25,26], an airborne micro-pulse photon-counting laser altimeter system that was
employed as an ICESat-2 predecessor instrument in test flights, and has been first applied to
ICESat-2 ATLAS data in [3]. The data from the ATLAS instrument have the form of a point
cloud of geolocated photons [2]. The DDA-ice utilizes a Gaussian radial basis function (rbf)
for data aggregation. The rbf is evaluated for every single photon in the point cloud; this
operation results in a density field. In the next step, an auto-adaptive threshold function is
applied to separate signal and background photons; this function automatically adapts to
the different background properties of daytime, twilight and nighttime, apparent surface
reflectivity (ASR) and some instrument characteristics, such as the afterpulse of the lidar
signal. The algorithm is termed density-dimension algorithm, because density is used as
an additional dimension in the signal-background classification step. The resultant surface
heights have the same resolution as the sensor, which is nominally 0.7 m along-track under
clear-sky atmospheric conditions. The DDA-ice uses its own cloud flag algorithm (it does
not rely on the cloud flag in the atmospheric data product ATL04 [27,28] ). The last step of
the DDA-ice is the ground follower. The ground follower is a piece-wise linear interpolator,
whose segmentation automatically adapts to surface roughness, resulting in 2.5 m spacing
for crevassed (or generally, rough) surfaces and 5 m for uncrevassed (or generally, smooth)
surfaces. The DDA-ice is controlled by a set of so-called algorithm-specific parameters,
introduced to facilitate quick adjustment of the algorithm should the performance char-
acteristics of the ATLAS lasers change. The values of the algorithm-specific parameters
employed in the analysis in this study are given in Table 2. Input data for the DDA-ice
are geolocated photons, as given in the publicly available ICESat-2 ATLAS data product
ATLO03 “Global Geolocated Photons”, version 3 [19], described in Neumann et al. [2,29]. The
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DDA-ice does not utilize the signal classification given in ATLO03, but signal-background
classification is an intrinsic step of the DDA-ice (for a comparison, see [3]).

Table 2. DDA-ice parameters. Strong beam, weak beam—ATLAS beams. Parameters are the same
as used in [3], parameters used for strong beam are the same as parameters optimized for analysis
of SIMPL_green (532nm parallel polarized) channels. Variables Q and S are now algorithm-specific
parameters for DDA-ice. Resolution of the ground follower is 2.5 m over rough/ crevassed surfaces
and 5 m over smooth surfaces. See also [21].

Strong Beam  Weak Beam

Symbol Meaning ATLAS ATLAS
(Actual) (Actual)
s standard deviation (m) 3 4
u cutoff (number of standard deviations) 1 1
a anisotropy 1 1
q threshold quantile 0.5 0.6
k threshold bias offset 1 0.2
1 slab thickness (m) 200 200
R resolution of ground follower (m) 5 5
r factor to reduce the R parameter 2 1
- resolution of ground follower for rough surfaces (m) 2.5 5
crevasse depth quantile 0.5 0.5
S standard deviation threshold 1.75 1.75

of thresholded signal to trigger
small step size in ground follower (m)

3. Experiment Setup for the Negribreen ICESat-2 Airborne Geophysical
Validation Campaign

3.1. Geographic Region and Ice-Surface Types during Surge

The Negribreen Glacier System (NGS) is located on Spitsbergen in Svalbard, it forms
an outlet of the Filchnerfenna ice cap (see, Figure 3). The calving front of Negribreen was
located at approximately (78.573° N, 19.083° E) in 2019. An overview of main areas of the
Negribreen Glacier System, including Negribreen (in center), Ordonnansbreen (the glacier
that joins Negribreen close to the calving front) and Akademikerbreen (the glacier thatjoins
upper Negribreen from the North) is seen in the background Landsat-8 image in Figure 3c.

Ice surface types during the surge include many different crevasse classes (Figure 1).
Figure 1a shows smooth ice of Ordonannsbreen contrasting with the highly fractured ice
of Negribreen, which calves into the bay, part of the Arctic Ocean. Wavy crevasses and
folded moraines, the indicators that a glacier is a surge-type glacier, are seen in Figure 1b.
Figure 1c illustrates several types of crevasse provinces, delineated from neighboring
provinces by relatively clear boundaries. Heavily crevassed ice that advances rapidly into
the Arctic Ocean indicates the rapid mass loss during the surge in July 2017 (Figure 1d)
and July 2018 (Figure 1le). Figure 1f shows a typical surge crevasse type, characterized by
blocky crevasses with subordinate, thin multidirectional crevasses in the region of RGT59%4.
The surface of slow-moving Ordonannsbreen (left) is only crevassed near the boundary
to surging Negribreen and otherwise smooth (Figure 1g). Lastly, Figure 1h presents a
picture of multi-generational crevasses resultant from several deformation events in an area
where the folded moraines exist, taken in August 2019. While maximal ice speeds during
the height of acceleration in July 2017 reached 22 m per day, the region of crevassed ice
expanded during the evolution of the surge and the maximal speeds decreased. Ice-surface
velocity magnitudes derived from analysis of Sentinel-1 SAR data in August of 2019 were
about 6 m (5.96 m) near the front of the glacier and 1-2 m in the region of the surveys
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analyzed in this paper (Figure 4a). High-resolution satellite imagery from Planet SkySat,
collected on 2019, August 18, illustrates the type of complex crevassing that exists near the
ice front, in the fastest-moving region of the glacier, over 3 years after the start of the surge
in spring 2016 (Figure 4b).
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Figure 4. Negribreen velocity magnitude and crevassing at time of validation campaign in Au-
gust 2019. (a) Velocity magnitude, calculated from ESA Copernicus Mission Sentinel-1 SAR data
for 9 August 2019 to 21 August 2019. Highest velocity magnitude was 5.96 m/day near the calving
front. (b) Crevasse types in the fastest-moving region near the front, Planet SkySat image, collected
18 August 2019. [20190818_150858_ssc9_u0002_panchromatic_dn.tif]. (Figure panel (b) after [3]).

3.2. Experiment Setup

We conducted airborne geophysical observation campaigns over Negribreen during
surge in the summers of 2017, 2018 and 2019. The campaigns over Negribreen had two
objectives, (1) study of the state of the surge in the Negribreen Glacier System and (2) val-
idation of ICESat-2 data. The 2018 campaign was carried out in preparation of ICESat-2
validation, prior to launch of ICESat-2 (which was on 15 September 2018), while the 2019
campaign obtained synoptical airborne and satellite observations. Airborne data were
collected from a helicopter (Eurocopter AS 350), operated by Airlift under the auspices of
the Norwegian Polar Institute, chartered for our campaign by the University of Colorado
Geomathematics Group (Figure 3a).

During the 2019 field validation campaign, airborne geophysical data were collected
along predicted ICESat-2 ATLAS ground tracks (see, Figure 3c) on 12 August 2019 (Flight 1)
and 13 August 2019 (Flight 2). The locations of ground tracks from our flight campaign
are referred to as flight tracks, or flight ground tracks (with coordinates calculated as
described in this paper). The analysis in this paper utilizes predicted ATLAS ground
tracks, actual ATLAS ground tracks and flight ground tracks. A zoom into Figure 3c,
seen in Figure 3d, shows the tracks along RGT 450 and RGT 594, which will be analyzed
in this paper, their relative location and crevasse types surveyed. Planet SkySat satellite
image data, specifically collected to support this project, provide additional information
suitable for evaluation of ICESat-2 measurements. Figure 3f shows crevasse provinces near
the calving front in a Planet SkySat image taken on 18 August 2019. Extensional wavy
crevasses, indicative of the area of highest velocities at time of image capture, dominate the
northern central part of Negribreen, north of the trace of a medial moraine in upstream
Negribreen. The fast-moving region is flanked by shear crevasses in its north and south,
then (in an outward direction from the center) more closely spaced crevasses in the north,
followed by smooth, slow-moving ice provinces in the north and south.
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3.3. Instrumentation

During the 2018 and 2019 airborne geophysical campaigns, we collected laser altimeter
data and image data, which were geolocated using coincidently collected Global Positioning
System (GPS) and Inertial Measurement Unit (IMU) data. The same instruments were used
in both years, except for the GPS Rover, and included the following:

(1) Laser altimetry: Universal Laser System (ULS), LaserTech Inc. (Denver, Colorado,
U.S.A.), mounted on helicopter (400 Hz data);
(2)  Global Positioning System (GPS) Receivers (Base and Rover):

(2.1) Kinematic GPS

(2.1.1) GPS Base Station placed on the side of Negribreen (Trimble NetR9)
(2.1.2) GPS Rover, mounted on a skid of helicopter (Septentrio APS-3G in 2018,
Trimble R10 in 2019) (10 Hz data)

(2.2) “Button GPS”, a simple GPS system placed on the dashboard of the helicopter
under the window (1 Hz data)

(3) Attitude correction: Inertial Measurement Unit (IMU), LORD 3DM-GX5-15 Vertical
Reference Unit (mounted inside the helicopter, taped to the floor) (1 Hz data)

(4)  Nadir-pointed time-lapse imagery: GoPro Hero5 Camera, mounted outside on the heli-
copter (2 Hz data)

(5)  Photographs: Several handheld cameras (NIKON D5100 and other Nikon cameras)

(1) Laser Altimetry. The LaserTech ULS is a class-1, eye-safe laser that operates at 905 nm
(Near-Infrared) with a configurable pulse-repetition frequency (PRF), set to 4000 Hz with
10-point averaging to yield an effective PRF of 400 Hz during the Negribreen campaigns.
Beam divergence is 3 mrad, which results in a 30 cm footprint at 100 m range (see, Table 3).
The ULS was integrated by members of the University of Colorado Geomathematics, Re-
mote Sensing and Cryospheric Sciences Laboratory (the first three authors) for altimetry use
from small manned and unmanned aircraft, utilizing a so-called engineering kit provided
by LaserTech. An earlier integration is described in [30], for use aboard the NASA Sierra
UAV during the Characterization of Arctic Sea Ice Experiment (CASIE) in 2009. Findings
from geostatistical analysis of the CASIE data are reported and related to sea-ice modeling
in [31].

(2) GPS data. Two separate GPS units were used for redundancy. The first, called
“Button GPS”, is a low cost, plug-and-play type used for making quick, low-accuracy plots
and serves as a backup for the second system. Button GPS was placed on the dashboard of
the helicopter, where it had good sky view through the large front window. The second
system is a high-cost high-accuracy two-part GPS system, which consists of a base station
reference receiver and a helicopter mounted kinematic GPS unit (rover). The base station
collects observations including atmospheric delay parameters and orbit information that
allow for post-processing that increases the position accuracy of the kinematic GPS unit
mounted on the helicopter. Sky view of the base station was unobstructed, because the base
station was positioned on an elevated moraine edge or near a cliff edge on the southern side
of Negribreen, several hundred meters above the glacier (Figure 3a,b). There were no large
mountains obstructing the sky view of the base station. The rover was mounted on one of
the skids of the helicopter, and thus the body of the helicopter and the helicopter rotors
possibly interfered with sky view of the rover. The instrumentation for the differential GPS
data collection was provided by UNAVCO in both years.

(3) IMU data. IMU data record the attitude of the helicopter during the flights. These
data are collected to allow correction for attitude and vibration. The IMU is also owned
by our Geomathematics Laboratory and integrated into the survey system. Our post-
processing includes coincidently collected IMU data to remove helicopter vibration with a
low-pass filter, and to correct for roll, pitch, and yaw with a transformation matrix, taking
into account the spatial offset between the mounting positions of the laser altimeter system
and the GPS rover on the helicopter.
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Table 3. Technical specifications of the Universal Laser System (ULS) and settings during the
Negribreen airborne geophysical observation and validation campaigns in 2017, 2018 and 2019.
FDA—United States of America, Federal Food and Drug Administration, CFR—Code of Federal
Regulations Title 21, see https://www.accessdata.fda.gov/scripts/cdrh/cfdocs/ cfcfr/ cfrsearch.cfm

?FR=1040.10 (accessed on 3 October 2021).

Manufacturer Laser Technology, Inc.
Model Universal Laser System (ULS)
Wavelength 905 nm (IR)

Beam Divergence

3 mrad (~30 cm diameter footprint at 100 m range)

Exit Aperture

42 mm

Pulse Repetition Frequency (PRF)

104500 Hz, configurable, 4000 Hz for Negribreen campaign

Averaging 10 points for Negribreen campaign (400 Hz effective PRF)
Maximum Range Over Ice Targets 500 m
Eye Safety Class 1, 7mm eye safe (FDA,CFR21)
Accuracy +2cm
Resolution 1 mm
Dimensions 53inL x4.75in W x 25in H
Weight 1.75 1bs (0.8 kg)

(4) GoPro time-lapse-imagery was recorded at two images per second in linear imaging
mode. The linear mode was selected, because it yields the least distortion of the imagery.
Time-lapse imagery is better suited for comparison with discrete altimeter data than video
data, results in much smaller data volumes and reduces battery energy usage.

(5) Photographs were taken using handheld cameras to provide overviews of the glacier
system during surge, especially from high altitudes above ground level (a.g.l.), to collect
documentation of crevasse provinces, calving events and other features of special interest
to the study of the surge process. Several thousand images were taken during each flight.

4. Comparison of Different Approaches to GPS-Data Collection and Processing;:
Real-Time Kinematic (RTK) Compared to Kinematic GPS Data Collection with
Differential Correction Using Base and Rover Data

4.1. Scientific Motivation and Experiments

In preparation of the ICESat-2 launch (15 September 2018), in summer 2018 we carried
out experiments aimed at optimizing GPS data collection and resultant repeat accuracy
of satellite ground tracks during airborne validation flights of ICESat-2 measurement
capabilities. These include experiments with Real-Time Kinematic (RTK) data collection,
which are motivated as described in the following paragraphs.

There is relatively little knowledge of the geodetical accuracy that can be obtained from
kinematic data collection from a fast-moving platform, especially from a helicopter that
is susceptible to wind and turbulence. In an approach that utilizes a base and rover with
post-processed solutions, the challenge is to acquire sufficient satellite views to maintain a
fixed solution in the GPS post-processing for at least 10 min, while the helicopter is flying.
The faster the vehicle/rover moves, and the less linearly due to turbulence, the harder
it is to find solutions. The mounting location of the GPS receiver and, for a helicopter,
interference with rotor blade occultation, create additional unknowns [32].

The problem is compounded by the limited mounting options for a GPS rover on a
helicopter. In our Svalbard experiments, the rover had to be mounted on one of the skids
for safety reasons, where it had limited sky view due to the body of the helicopter and the
rotors. Therefore, we included experiments of RTK data collection in our 2018 experiments,
as an alternative to the post-processed base-rover GPS data analysis.
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Combining the 2018 pre-launch experiments with 2019 experiments along near-time
ICESat-2 tracks, we have results from three types of GPS experiments:

(1) Kinematic GPS data collection with differential correction using base and rover data
(summer 2018)

(2) Real-time kinematic (RTK) GPS data collection using base and rover data (sum-
mer 2018)

(3) Kinematic GPS data collection with differential correction of rover data using Natural
Resources Canada Spatial Reference System Precise Point Positioning (CSRS-PPP, [33,34]),
(summer 2019)

Type 1 GPS experiments involve setting up a GPS base station at the side of the glacier
on an elevated moraine or near a cliff edge for the duration of the airborne survey, typically
two hours over the Negribreen region, and collecting kinematic data with a rover GPS
mounted to the helicopter. During these experiments, the pilot follows a predetermined
flight path. Experiments of best flight path segmentation were carried out. After the field
experiment, base station data, recorded at 10Hz, are used to differentially correct rover
data, also collected at 10 Hz. Because of regulations of the governor of Svalbard, the GPS
base cannot be left in the glacier region. While a 24 h recording time for the base would be
preferred, the length of time of about 2 h has been found to be sufficient for the accuracy of
the project objectives.

Type 2 experiments require a base station and a rover as well. But in contrast to type-1
experiments, during RTK data collection, the correction of the rover position is carried
out during the flight, using information sent over by the base station, and displayed on a
blue-tooth-enabled device. This enables a correction of the flight path during flight.

In 2019, the GPS base station malfunctioned or was set incorrectly, recording only
15-second data, thus the differential correction applied to the 2019 GPS rover data uses
Spatial Reference System Precise Point Positioning (CSRS-PPP), a service provided by
Canadian Geodetic Survey, Natural Resources Canada, for post processing [33,34]. This
situation yields an unintentional third type of experiment, whose results may be of interest
for flights where a base station cannot be placed.

4.2. Results

(1) Kinematic GPS data collection with differential correction of rover data with base
station data in post-processing yields the highest accuracy of positioning, of our three types
of experiments. Experiments on flight-path segmentation indicate that quarter-crossings
of the glacier work best, aiming to fly a straight line across a 2-3 km distance. Full glacier
crossings are similarly good with respect to resultant accuracy of track repeats and require
fewer waypoints to be entered manually by the pilot into his on-board system. Notably,
the entire survey setup requires good collaboration and communication between the pilot,
the experiment lead (the PI) and the survey team who continuously monitors instrument
functionality and height (altimeter range). As a result, full glacier crossings of about
10-20 km flight distance depending on location were used in 2019.

(2) Experiments with RTK indicated that the added accuracy from the real-time-
kinematic correction is more than offset by the inaccuracies introduced by the continued
reactions of the pilot to adjust the flightpath and thus the aircraft attitude to the updated
position information (from the RTK system). Flying straight towards points, predetermined
by the expedition lead/ scientist with 2—4 points for a glacier crossing of 10-20 km track
length and shared with the pilot prior to the flight, yields data from a more “quiet” heli-
copter flight and more consistent, linearly interpolatable data. Thus, the repeat accuracy
of a pre-determined satellite track is not limited by the accuracy of the GPS solution, but
instead by the maneuvering characteristics of a helicopter. The pilot cannot fly a straight
path when the quick changes in the RTK-GPS directions call for unpractically frequent
changes of the flight direction of the helicopter. A helicopter turn necessitates leaning the
helicopter to the side, which then introduces additional distortions to the flight path and
results in off-nadir laser pointing.
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(3) Results from CSRS-PPP [33,34] are sufficiently accurate for validation of ICESat-2
surface height determination and morphological characteristics, as will be detailed in the
following sections, while most likely significantly less accurate than positions differentially
corrected with a base station. The CSRS post-processing uses precise satellite orbits, clock
and bias corrections from a global network of receivers. Because of the much shorter base
line resultant from a placing a base station in the field area, differential corrections using a
locally placed base station are known to yield highest accuracy [35].

(4) Despite the problem of interference of the rotor blades and the helicopter body with
view of GPS satellites, the amount of GPS rover data collected was found to be sufficient
for accurate geolocation of the ULS data, despite the mounting location of the GPS rover
on the skids.

(5) Outlook: Based on the 2018 and 2019 experiments (and previous experiments
in similar types of field surveys), highest accuracy will be achieved by using differential
GPS with a base station on the side of the glacier (as shorter baselines yield higher position
accuracy) and a GPS rover on the aircraft. It may be easiest, especially for students new to GPS
data collection, to utilize a rover and a base GPS instrument from the same brand, while not
necessary to process the data (which can be converted to RINEX format independently of the
receiver brand). Trimble has a proprietary format, but RINEX conversion remains a possibility.

The summer 2018 data are not used in the remainder of this paper, because they were
collected prior to the launch of ICESat-2 on 15 September 2018.

5. Surface-Height Determination from Synchronization of Laser and GPS and
IMU Corrections

5.1. Processing of 2019 GPS Data

Processing of 2019 GPS data was carried out using the following steps:

(1) GPS data were downloaded from the rover and the base station. In the 2019, flight
2 GPS recordings, the base station recorded only 15s-data. The rover recorded at
10Hz. In the differential data analysis, using the rover/base data, we were not able
to obtain a fixed solution in the Trimble Business Center (TBC), only a float solution.
We attribute this to the likely possibility that the rover was not tracking a sufficient
number of satellite vehicles (SVs) to get a fixed solution. Therefore, the following
steps were undertaken to obtain a solution.

(2) GPS data from the rover (Trimble R10) (rover_data_set_v1.T02) were converted from
Trimble format (.T02) to RINEX (Receiver INdependent EXchange format)
(rover_data_set_v2.RINEX). This is performed using Trimble’s Convert to RINEX utility
(accessed on 3 October 2021).

(3) The RINEX (rover_data_set_v2.RINEX) file is submitted to the Spatial Reference System
Precise Point Positioning (CSRS-PPP), provided by Natural Resources of Canada.
CSRS-PPP is an online application for global navigation satellite systems (GNSS) data
post-processing. It uses precise satellite orbit, clock and bias corrections derived from
a global network of receivers to determine accurate user positions anywhere on the
globe, regardless of proximity to reference stations (from: https://www.nrcan.gc.c
a/maps-tools-and-publications/tools/geodetic-reference-systems/data /10923 (ac-
cessed on 3 October 2021)). Upon submission of RINEX files, enhanced positioning
precisions in the North American Datum of 1983 of the Canadian Spatial Reference
System (NADB83(CSRS)) or the International Terrestrial Reference System (ITRS) in
realization ITRF14 are returned.

In essence, the CSRS software was able to provide a fixed solution for the rover data.
To best match with the ICESat-2 data and their coordinate reference, we selected ITRF14
as the reference frame for the CSRS-PPP solutions. The coordinates used in this analysis
are given as (rover_data_set_PPP_v3), in csv format (human readable, including lat, lon,
elevation, time, reference frame) with reference to ITRF14. The Canadian Geodetic Survey
uses the GRS80 ellipsoid (a, = 6,378,137 m, )1( = 298.257222101) for the realization of ITRF14
in CSRS-PPP (Brian Donahue, Canadian Geodetic Survey, friendly pers. comm. 19 January
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2022). For practical purposes, the ITRF14 corresponds to WGS84 (conversion from ITRF14
to WGS84 results in identical coordinates, for a more precise description, see Section 2). In

summary, practically the same coordinate reference is utilized for the airborne data and the
ICESat-2 ATLAS data.

5.2. Comparison of Button GPS and Corrected Rover GPS Data

In addition to the rover GPS, GPS data were also collected using a simple instrument,
the Button GPS, located on board the helicopter. The Button GPS is a plug-and-play type
inexpensive instrument, that is placed under the windshield of the helicopter and has
proven to be very reliable during several years of airborne campaigns. The Button GPS
records location at 1 Hz, while the rover GPS records location at 10 Hz. This Button GPS
has lower accuracy, especially of height data, and lower frequency than the rover GPS, but
is directly connected to the ULS laser system and records on the same computer. The rover
GPS recorded only time-from-start-of-rover-time, it records on a GPS-internal computer
and hence its times are independent of the ULS. Thus, we are using the time stamps from
the Button GPS to align the corrected rover-GPS data with the ULS measurements.

This process is illustrated in Figure 5, which shows heights and times from the two
GPS receivers during flight 2. Button GPS recordings appear to be “ahead of” the rover GPS
with respect to distance, an effect that results from starting the Button GPS first. Since the
Button GPS and ULS laser were being controlled from the same computer, we have exact
time synchronization between them. In contrast, the rover GPS was controlled through its
internal computer (and a handheld controller), which results in timing independent from
that of the ULS laser. The first correction step involved time-shifting the rover GPS to align
with the Button GPS/ULS laser (Figure 5).

5.3. Derivation of Surface Height Using ULS and Differential GPS or Button GPS

Ice-surface height is calculated by subtracting the laser-retrieved height from the GPS-
retrieved height. Two apparent surface height values result from pairing ULS data with
rover GPS data and Button GPS data (Figure 3b). In addition to the time lags between the
rover GPS and the ULS laser, the change in height of the aircraft and the surface roughness
of the glacier contribute to the apparent differences in height. For example, when the
GPS starts to move down (aircraft lowers), the laser-retrieved height would normally be
lower as well. However, in our case, the laser is ahead of the GPS, so it has already started
recording lower heights. The different start times contribute a small part of the large
apparent height difference values between the rover GPS-ULS and the Button GPS-ULS
data, the main source of the apparent height difference is the poor height determination of
the Button GPS. ULS data with ranges greater than 500 m are excluded from the analysis,
as the ULS does not provide enough returns at ranges larger than 500 m (see Section 7).

5.4. Synchronization of Laser and Differential GPS and Button GPS

Crevasse locations are used to further improve the determination of a time shift,
performed visually to match. Time accuracy is 0.1 s. Results in Figure 5¢c show that crevasse
morphology lines up in the recordings of the Button GPS and the differential GPS, thus
using crevasse morphology to aid in determination of a time shift is a feasible approach.
There are still height differences on the order of tens of meters, which are due to the inherent
properties of the low-resolution Button GPS. Because absolute heights from Button GPS
data are less accurate than heights from corrected rover GPS data, heights from corrected
rover GPS data are used in the following analysis.

5.5. IMU Correction

An Inertial Measurement Unit (IMU) records the attitude of the survey platform, here
the helicopter, during flight, at (in our case) a frequency of 1 Hz. As the laser operates
from the helicopter, it actually measures the range from the helicopter to the Earth’s
surface, rather than the height above the surface, and along a vector to the ground that
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is not normal to the ground surface. The IMU correction is a change of reference system,
from that centered at the moving helicopter to an Earth-centric system. Prior to the actual
correction, a low pass filter (moving average filter) is applied to remove helicopter vibration
from the IMU data. The attitude reported by the IMU sensor is utilized in the form of Euler
angles for correcting lidar laser range returns, and an orientation matrix for correcting
the location of the range measurement in (x,y) coordinates. Formally, the IMU correction
utilizes a quaternion multiplication (introduced e.g., in [36]). The IMU correction is applied
to the GPS-corrected ULS data (with GPS corrections as described in Sections 5.1-5.4). It
should be noted that the IMU corrections do not only yield corrected locations on the
ground, but also corrections of the range values (this is a matrix multiplication applied to
all components of the ULS data).

Figure 6a,b shows the magnitudes of the components (roll, pitch and yaw) of the IMU
corrections. Figure 6¢,d illustrates the magnitude of range corrections. At the scale of
absolute range, this is not resolved (in Figure 6¢,d). The correction magnitude (Figure 6¢,d)
is less than 5 m on average, with some spikes up to 10 m. These usually occur when the
aircraft is turning or during heavy winds. We experienced heavy winds near the end of
flight 2, which explains the largest difference.
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Figure 5. Illustration of the process of surface-height determination from synchronization of ULS and
GPS data. Negribreen validation campaign. Flight 2, 13 August 2019. Corrected GPS data are used
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(see Equation (1)). (a) Comparison of GPS heights and times from two GPS receivers. Button GPS
(red), recorded at 1 Hz, started first, together with ULS and recorded on the same computer as the ULS
(exact time synchronization of ULS and Button GPS). Rover GPS (blue), recorded at 10 Hz, started
second, time recorded on the GPS-internal computer. The first correction step is time-shifting the
rover GPS to align with the Button GPS/ULS laser. (b) ULS apparent surface heights, derived when
pairing ULS data with Rover GPS data (blue) and Button GPS data (red). (c) ULS surface heights,
after time-shift correction between ULS laser and the rover GPS. Now both elevation measurements
and crevasse morphologies resemble each other.
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Figure 6. IMU values and IMU-corrected ULS ranges. Negribreen validation campaign. Flight 2,
13 August 2019. (a,b) IMU values (roll, pitch and yaw) for flight2, partl (a) and flight2, part2 (b).
(¢,d) Range correction (total corrected and uncorrected range and magnitude of correction) for flight2,
partl (c) and flight2, part2 (d).

6. Analysis of Airborne Geophysical Data and Results: Ice-Surface Heights, Technical
Information and Crossover Analysis

In this section, we analyze the airborne geophysical data (without comparison to
ICESat-2 data) to derive ULS range and ULS-based ice surface heights along flight tracks
(Section 6.1). Section 6.2 is devoted to technical information that may be useful to design
future airborne validation campaigns from small aircraft, including helicopter velocity,
optimal ULS range and aircraft altitude above ground, resultant data frequency and on-ice
spacing. These results generalize to other types of manned aircraft and to some extent,
unmanned aircraft. Precision of the ULS height data in crevassed terrain is assessed using
a crossover analysis (Section 6.3).
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6.1. Results Part 1: ULS Range and Ice-Surface Heights Based on GPS and IMU-Corrected Data

Following the GPS and IMU corrections as described in Section 5, we now have the
correctly geolocated coordinates for the ULS data. After application of the IMU and GPS
geodetical corrections to the ULS data, we obtain ULS data with geographical coordinates

Xgeogcorr = (lﬂtcorh loncorr, Zcorr)/ (1)

where z¢.r is the corrected surface height. As described above, the GPS coordinates are
given in IRTF14 (as output from the CSRS-PPP software). The bounce point of the ATLAS
signal is also given in the IRTF14 reference frame as latitude, longitude and height w.r.t.
the WGS-84 (G1150) ellipsoid for each point in the photon cloud reported on the ATL03
data product [2,3,18,22] (Section 2.1). Therefore, corrected ULS data from the validation
campaign are directly comparable to ATL03 data.

Lastly, ULS data xgogcorr given with reference to the geographic coordinate system
are converted to ULS data with reference to the Universal Transverse Mercator (UTM)
coordinate system

Xutmcorr = (narthcorrr easteorr, upcorr) (2

with reference to the WGS84 ellipsoid and UTM zone 33 (central meridian 15° E). We use
UPcorr = Zcorr- We are now able to determine the range of the ULS to the ice surface at
the laser measurement rate (Figure 7a), which combined with the aircraft position gives
the surface height of the glacier (Figure 7b). The corrected surface heights can be used
in several glaciological applications, including monitoring of surface elevation change
during the surge, indicative of mass transfer during the surge, and derivation of the spatial
characteristics of the crevassed ice surface (see, Section 7).

6.2. Results Part 2: Technical Information: Helicopter Velocity, ULS Range, Data Frequency and
On-Ice-Spacing

The range of the ULS is an important experiment parameter to control, as the ULS
functions for altitudes up to about 500 m and works best for shorter ranges up to about
300 m. Helicopter safety requires that the instrument be flown at sufficient distance above
the surface, dependent on (a) visibility and surface reflectance, and (b) topographic relief,
morphology and crevassity of the terrain. Following [11], we use the term “crevassity”
as a measure of the void fraction in glacier ice as a material, akin to porosity. Crevas-
sity is utilized here as a general term to describe the magnitude and complexity of the
overall deformation at a given location, which for a surge glacier manifests itself in the
crevasse characteristics.

All ICESat-2 validation flight lines were flown at this optimal height range, with tracks
in the upper central Negribreen (inlcuding those for RGT 450 and RGT 594) collected with
a range of 100-200 m and tracks traversing towards the upper inflows flown at 200-350 m
range (Figure 7a). The ULS is originally designed for measurements at much shorter ranges
and there is no practical lower limit of the measurement range (we test the instrument
in the laboratory, for distances down to 1 m). The practical lower limit of the range is
constrained by flight operations safety, as the helicopter pilot needs to maintain a safe
height above the highly reflective, sloping and crevassed ice surface, at a flight speed that
is efficient for data collection.

Flight velocity magnitudes, evaluated after GPS and IMU corrections, are given in
Figure 7c and after along-track smoothing in Figure 7d. Speeds for the validation tracks
(RGT 450 and RGT 594) are generally between 25 m/s (90 km/h) and 35 m/s (126 km/h),
slower over steep ice falls. Averaged helicopter velocities were 17 m/s (averaged for
the whole survey flight) and 30-35 m/s while flying over the ICESat-2 segments. Mean
velocities were 34.426 m/s over the RGT 450 segment and 32.0451 m/s over the RGT 594
segment. The ULS functions well at higher velocities as well, as supported by the fact
that frequency of recorded data is generally close to the 400 Hz nominal frequency of ULS
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setting used during our experiments (Figure 7e, for ULS settings, see Table 3). Resultant
on-ice along-track spacing was 0.06-0.08 m for the validation tracks (Figure 7f).
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Figure 7. Results from ULS data collection. Negribreen validation campaign. Flight 2, 13 August
2019. The scale does not allow for identification of crevassed regions. (a) ULS range aircraft to ice
surface. (b) ULS surface height (elevation). (c) Aircraft velocity magnitude. (d) Aircraft velocity
magnitude, smoothed. (e) Data points per second. (f) On-ice spacing of ULS data. Background:
Landsat-8 image from 5 August 2019 [LC08_L1TP_215003_20190805_20190820_01_T1].

Flight altitudes above ground are further constrained by the other instruments: Higher
altitudes allow collection of better imagery, i.e., imagery that shows larger crevassed regions.
Flight altitudes of 10 km or more are flown for collection of overview imagery. Altitude
in transit from one observation target to another can be higher than 300 m and still yield
altimeter data useful for science. For example, the blue stretch in Figure 7e is flown
at 400 m above ground, resulting in lower data frequency and somewhat larger on-ice
spacing of 0.08-0.14 m. ULS data with ranges greater than 500 m are excluded from the
analysis, as the ULS does not work properly at this range, and the situation of large ranges
only occurs when we flew high to collect overview imagery and the ULS was not turned
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off. In conclusion, the ULS can be operated with full recording frequency for altitudes
up to 300 m above ground level (a.g.l.). The advantage of flying at lower altitudes a.g.1.
is that the on-ground spacing is smaller, as the spacing is a direct function of altitude
above ground. Between 300 m and 500 m, the recording frequency can drop somewhat,
but still yield useful science data. Lower altitudes of 100 m can be used for flights with
unmanned aerial systems over sea ice, where risk is lower and the surface is flat, as during
the Characterization of Arctic Sea Ice Experiment (CASIE) [30,31].

6.3. Results Part 3: Crossover Analysis of ULS Heights

The crossover analysis is performed on the corrected height estimates for the 2019
flight data in the upper glacier (see Table 4). Crossover height differences are calculated
after averaging all points within a 10 m radius of the intersection location for each crossing
flight segment, resultant in 14 crossover locations with a mean elevation difference of
0.111 4 3.056 m. Similar values are achieved when the averaging radius is 1 m and 0.1 m.
Largest differences (red and dark blue points in Figure 8) occur at locations where the
aircraft is turning significantly, where laser ranges are large and IMU corrections are most
relied upon, and at locations of large crevasses where height variations on the order of
tens of meters occur. However, most of the crossover differences are near zero (green
points) when the aircraft is flying straight over non-crevassed areas or areas with beginning
crevassing. If we remove the 3 crossover locations that occur on significant turns, we
obtain a mean elevation difference of —0.172 + 2.564 m for the remaining 11 points. Since
underflights of ICESat-2 tracks follow straight flight paths, the estimated the precision
of our measurements is approximately 2.6 m in crevassed terrain. Accuracy estimates
would require ground elevation truths independent of and coincident with our flight
data, however collection of ground measurements on a glacier during surge is not feasible
(dangerous). Crevasse depths ranging to 45 m were observed with ICESat-2 and determined
with the DDA-ice [3].
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Figure 8. Crossover elevations from ULS data collection. Negribreen validation campaign. Flight 2,
13 August 2019. There are 14 crossover locations. Removing the three crossover points on large turns,
for the remaining 11 points the mean difference is —0.172 + 2.564 m. Background: Landsat-8 image
from 5 August 2019 [LC08_L1TP_215003_20190805_20190820_01_T1].
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Table 4. Crossover analysis for Flight 2, 13 August 2019, Negribreen ICESat-2 Validation Cam-
paign 2019. Estimates are given when using all crossover locations (seen in Figure 8) and for
locations only along relatively straight flight segments, i.e., where the helicopter was not performing
a significant turning maneuver. Crossover estimates are averaged within a radius specified in the last
column of the table.

. Standard Deviation
Mean Elevation . Number Crossover
. of Elevation . .
Difference (m) . of Points Radius (m)
Difference (m)

All Crossover

. 0.111 3.056 14 10
Locations
Crossover
Locations —0.172 2.564 11 10

Excluding Turns

7. Analysis of Geolocated ULS and ICESat-2 ATLAS Data
7.1. Overview

Following the geodetical and technical results in the last sections, we now have
established the technical basis needed to (1) quantitatively investigate the capability of a
light-weight experiment using a small helicopter to repeat satellite tracks accurately and (2)
compare surface heights and crevasse morphologies from ULS and ATLAS measurements.
Results relating to the first topic will be summarized in Section 8 and results regarding the
second topic will be reported in Section 9. Here, the analysis is carried out as a case study
for each of five sets of tracks, to facilitate understanding the relationships between flight-
repeat capability of our experiment setup dependent on a number of factors including wind,
resultant track separation, crevasse representation in ULS data and in ATLAS data for weak
and strong beams, crevasse morphology, crevasse characteristics and surface roughness.

ICESat-2 tracks for RGT 450 and RGT 594 were repeated, including both strong and
weak beams, resultant tracks for ULS and ATLAS are shown in Figure 9a,b and listed in
Table 5. A useful tool in this context is plotting the results in 1-km along-track segments,
as shown in Figure 9. Figure 9a,b provides the 1-km segments for flight 2, parts 1 and 2,
respectively, carried out on 13 August 2019 over Negribreen.

Data from flight 1 are not used in the analysis in this paper, because the GPS rover did
not record data. Data from the Button GPS are still useful for analysis of surge evolution,
reported elsewhere.

Flight 2 has two parts, each part includes an overpass of RGT 594 (gt1 1 and gtlr) and
RGT 450 (gtll and gtlr) tracks. The track of the RGT 594 weak beam (gtlr) was overflown
twice (both passes in part 2 of flight 2) in order to obtain information on the quantitative
measures listed above from a repeat experiment. However, because the weather worsened
significantly during flight 2, the first repeat occurred during approximately normal weather
conditions and the second one during unusually strong winds of over 30 knots (60 km/h).
The increasing winds led the pilot to end the data collection for this day soon after. The
three tracks for RGT 594 were flown in the order (1) “RGT 594, gtlr, part 17, (2) “RGT 594,
gtll”, (3) “RGT 594, gtlr, part 2”, with other flight lines in between, hence wind speed
increases in this order. Labels in the figures are as follows: “RGT 594, gtlr, part 1” refers to
overpass 1 (less wind). “RGT594, gtlr, part 2” refers to overpass 2 (stronger wind). During
strong winds, the pilot has to hold the helicopter at an angle relative to the direction of
flight and tilted, which makes following the prescribed tracks a lot harder and increases
the IMU values. The IMU still functions for this situation (see Figure 6). Resultant track
separations for RGT 594, gtlr, part 2 are higher than for the other tracks, but crevasse
comparisons are still useable for evaluation of ICESat-2 tracks, as the analysis will show.

The tracks of the RGT 594 gtlr and gtll are the location of analysis of 2018 prelaunch
Negribreen airborne campaign data and first post-launch ICESat-2 data from early winter
2018 reported elsewhere, which indicated that ICESat-2 measures summer’s crevasses
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through winter’s snow cover. Because the identification of crevasses under snow was
based on non-synoptic airborne and satellite data with several months separation, an
additional objective for the 2019 validation campaign was the collection of synoptic satellite
and airborne data for the same crevasse field surveyed in summer 2018 with the ULS and
in winter 2018 with ICESat-2 ATLAS.

In the following subsections, we analyze each of the tracks (1) RGT 450, gt1l (strong
beam) (Figure 10), (2) RGT 450, gtlr (weak beam) (Figure 11), (3) RGT 594, gtll (strong
beam) (Figure 12), (4) RGT 594, gtlr (weak beam), overpass 1 (Figure 13), and (5) RGT 594,
gtlr (weak beam), overpass 2 (Figure 14).

For each example, we show the location of the ground track sections, indicated by
red and green tracks, superimposed on a Landsat image from 5 August 2019 (collected
only 8 days before flight 2), in panel (a) of Figures 10-14. Zooming into the area, with the
flight tracks plotted over the aforementioned SkySat image from 18 August 2019, gives and
impression of the crevasse provinces under the flight tracks, and visually illustrates the
across-track distances between the predicted and actual ATLAS tracks and the actual ULS
tracks (panel (b) in Figures 10-14). The distances are then given in a graph that illustrates
the variability of the distance between the ULS track and the actual ATLAS track, with the
distance between the predicted and actual ATLAS tacks added in for comparison (panel
(c) of Figures 10-14). Note that at time of flight, only the predicted ATLAS tracks were
available, thus we aimed to underfly the predicted tracks for each beam. Track variability
is exaggerated by the over-heightened plot style. Variability of the ATLAS-predicted to
ATLAS-actual distance is shown in better resolution in panel (d) of Figures 10-14. In
summary, capability for track repeat ranges from an average of 11.32 m to 24.87 m, with an
outlier of 60m during strong storm conditions. Differences between ICESat-2 predicted
and actual range from 6.51 m to 15.65 m for the average difference of a glacier crossing.

Figure panels (e) and (f) in Figures 10-14 aid in the comparative analysis of the surface
heights of crevassed regions. Segment lengths in (a), (c), (d) and (e) are the same within
each figure and of approximately 2-3 km length, while segment lengths in (b) and (f)
show subsets for better representation of the crevasse morphologies. To further aid the
comparison of panels (e) and (f), we have added a blue bar in panels (e) that shows the
location and coverage of the DDA-ice results seen in figure panels (f) of the same figure.
Surface heights of ICESat-2 ATLAS data are derived by application of the DDA-ice, which
was briefly described in Section 2.2.

Table 5. Average distances of ATLAS predicted vs. ATLAS actual and ATLAS actual vs. ULS actual.
Values calculated for entire glacier crossings. Note that Figures 9-13 highlight 2-3 km sections for
each crossing.

ATLAS Predicted vs. ATLAS Actual vs.

RGT_Beam ATLAS Actual (m) ~ ULS Actual (m) Figure
450_gt1l (strong) 9.28 20.40 Figure 10
450_gt1r (weak) 6.51 11.32 Figure 11
594_gtll (strong) 15.65 60.38 Figure 12

594_gtlr (weak) (part 1) 9.16 24.87 Figure 13
594_gtlr (weak) (part 2) 9.16 24.35 Figure 14
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Figure 9. Flight path segments, resultant from ULS data collection, and co-location with ATLAS ground
tracks over crevasse fields. Negribreen validation campaign. Flight 2, 13 August 2019. (a,b) Flight
paths, colored in 1-km segments to match the along-track distance vs. elevation plots in Figures 9-13.
Background: Landsat-8 image from 5 August 2019 [LC08_L1TP_215003_20190805_20190820_01_T1].
(a) Flight 2, part 1. (b) Flight 2, part 2. (c) Example of co-located airborne ground track (ULS), left,
and ATLAS ground track (RG 450 11), right. Even with an 18 meter average separation, the airborne
ground track (ULS) and the ATLAS ground track cross the same crevasse provinces. Background:
Planet SkySat image from 18 August 2019 [20190818_150858_ssc9_u0002_panchromatic_dn.tif].
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Figure 10. ICESat-2 ATLAS vs. ULS data. Track repeat accuracy and results. RGT 450, gtll
(strong). Negribreen validation campaign. Flight 2, 13 August 2019. (a) Location of ATLAS segments
over Negribreen and closest ULS data (note the tracks are so close that the green line disappears
under the red line). For segment numbering, see Figure 9 (ATLAS DDA segments). Background:
Landsat-8 image from 5 August 2019 [LC08_L1TP_215003_20190805_20190820_01_T1]. Segment
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(gt1l) predicted. Calculated for actual ATLAS and ULS flight paths from data shown in (b). (d) Track
separation between predicted and actual ATLAS 450 (gt1l) flight paths. (e) ULS surface heights and
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RGT 450, gt1l, segment 25. DDA-ice parameters as in Table 2. ATL03 data set given in caption for (c).
Rel. 03 data.
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