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Abstract 
Spatiotemporal analysis of glaciological phenomena provides a robust assessment of a 
glacier’s health. Glacier surface facies (GSF) are direct indicators of the state of snow 
and ice within a glacier. However, long-term analyses of GSF via optical satellite prod-
ucts presents challenges stemming from data availability, weather conditions, and varia-
tions in mapping methodologies. In this study we present the first decadal analysis of 
GSF in Svalbard using optical satellite data. Utilizing unsupervised classification on im-
ages of the Vestre Broggerbreen glacier from 2013 to 2023, we identify and quantify the 
variations between facies observed on the images and their classified spatial distribu-
tions. The identified facies comprise of snow, firn, glacier ice, and dirty ice, with a fifth 
thematic class of shadowed snow. In certain imagery, snow and firn are labelled as 
‘snow 1’ and ‘snow 2’ due to the derived reflectance and appearance of firn differing 
from established patterns in the literature, while remaining spectrally distinct from snow. 
Our analysis suggests that shadowed snow induces the most misclassification in overall 
assessment of GSF. Shadowed snow and dirty ice produce convoluted spectral reflec-
tance that in combination with the overall darkening of the glacier severely misrepre-
sented firn, underreported dirty ice, and produced inaccurate maps. Spatially, dirty ice 
was classified with a lower distribution in 2023 (0.49 km2) than in 2013 (0.58 km2). 
Moreover, firn/snow 2 was classified as a larger area in 2023 (1.01 km2). These results 
indicate a pressing need to identify long-term trends affected by scene-to-scene distor-
tions. Our future experiments involve multi-decadal supervised analyses of GSF in the 
high Arctic involving image-specific discussions, thereby providing crucial information 
for refinement of supraglacial monitoring with multispectral data. 
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Introduction 
 
     The cryosphere is the Earth’s frozen 
component comprising ice and snow. It 
exercises a crucial function in the global 
climate. Glaciers are large persistent bod-
ies of ice and snow formed on land. The 
mass accumulation and melting of a par-
ticular glacier are primarily determined by 
the season, meteorological factors such as 
temperature and precipitation, and the to-
pography of the area. Glaciers are extreme-
ly sensitive to temperature and display 
immediate responses to climatic changes. 
Therefore, monitoring glaciers and their 
responses to climate dynamics provides  
an assessment of the impact of climate 
change (Jawak et al. 2022b). A glacier can 
be broadly categorized into two zones – 
accumulation and ablation. The accumula-
tion zone refers to the region where mass 
is accrued, and the ablation zone predomi-
nantly loses mass (Jawak et al. 2022d).  
The equilibrium line altitude is the tran-
sition zone between the accumulation and 
ablation zones (Pope and Rees 2014a).     
A glacier’s evolving state from formation 
to ablation can be documented through the 
occurrence and prevalence of glacier fa-
cies. 
     Traditional methods for mapping gla-
cier facies rely on field surveys and topo-
graphic maps. These methods are tedious 
and inefficient. Additionally, it is quite dif-
ficult to traverse inaccessible mountainous 
areas. Remote sensing (RS) is an effective 
and efficient technology to monitor glacial 
dynamics. Each facies possess unique spec-
tral and spatial properties which are use-
ful for their characterization (Jawak et al. 
2022b). These properties can be exploited 
for monitoring facies using multispectral 
images (Pope and Rees 2014a) and syn-
thetic aperture radar (SAR) composites 
(Engeset et al. 2002). 
     Glacier (glaciological) facies were in-
troduced by Benson (Benson 1959) and 
modified by Williams et al. (1991). Glaci-
ological facies are formed over time and 

represent distinct phases of precipitated 
snow, compacted ice, melted forms of both, 
entrained debris, deposited dust, and sur-
face debris. Usually covered by seasonal 
snow, these facies are visible on the supra-
glacial terrain in summer once the tran-
sient snow has melted. At the supragla-    
cial level in direct contact with the local 
weather, facies present varying manifesta-
tions which are characterizable in optical 
data. These manifestations are called gla-
cier surface facies (GSF) (Jawak et al. 
2022a). The properties of each GSF are 
based on moisture, texture, appearance, 
brightness, and mixture of dust and debris.  
     The most observed glaciological facies 
are dry snow, wet snow, ice, and dirty ice. 
Dry snow, located at the highest eleva-
tions, is formed from multi-year accumula-
tion of snowfall that has not melted. Wet 
snow is the region where snowmelt has 
permeated into the snowpack. The low-   
er boundary of the accumulation zone is 
called the snowline. Meltwater may perco-
late and emerge beneath the snowline 
which eventually freezes into superim-
posed ice. Glacier ice begins as accumu-
lated snow that is compacted due to com-
pression and moves downhill along the 
slope of the bedrock (Pope et al. 2013). Ali 
et al. (2017) observed that the distinct 
properties of facies result in differential 
melt intensity. Multispectral data capital-
izes on these distinctions to enable the-
matic characterization. 
     Multispectral RS enables identification 
of Earth’s features through visible and 
infrared electromagnetic radiation. Open-
source datasets like the Sentinel series and 
Landsat archives provide a robust time se-
ries of data which are available at various 
levels of spatial resolution (Jawak et al. 
2022a). In addition to providing the spec-
tral reflectance of glaciological phenom-
ena, multispectral data can be used to 
calculate albedo (Greuell and Oerlemans 
2005), isolate of crevasses (Luckman et al. 
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2012), and prepare digital elevation mod-
els (Pope et al. 2013). There has been a 
steady improvement in optical sensor reso-
lution from 10 m to <0.4 m over the past 
20 years (García-Rubio et al. 2015).  
     Pope and Rees (2014a) used multispec-
tral images to classify glacier facies of   
the Midtre Lovénbreen glacier (Svalbard) 
with the help of full-spectrum surface re-
flectance. Similar multispectral data driven 
attempts at one-time snapshot mapping of 
facies in Svalbard have been performed us-
ing pixel-based supervised methods (Jawak 
et al. 2022a, Luis and Singh 2020), and 
object-based methods (Jawak et al. 2022b). 
Efforts have been made to identify the 
influence of specific wavelength ranges on 
the characterization of facies (Jawak et al. 
2022c). These attempts have tried to iden-
tify the best mechanism for deriving accu-
rate facies maps. However, there are only 
a handful of attempts at spatiotemporal 
mapping of facies in Svalbard. Among 
these, Jawak et al. (2023) analyzed spatio-
temporal changes in GSF of the Midtre 
Lovénbreen glacier (Svalbard) from 2017 
to 2022 using a mix of Sentinel-2A and 
Landsat 8 data. Garg et al. (2022) mapped 
facies for the glaciers in Ny-Ålesund   
from 2016-2020 using SAR composites. 
Although not directly comparable to multi-
spectral attempts, it is one of the two sig-
nificant attempts at spatiotemporal charac-
terization of facies in Svalbard.  
     Braun et al. (2007) found that the spa-
tial distribution and occurrence of facies 
can serve for calibrating and validating 
distributed mass balance models. Spatio-
temporal mapping of facies can provide a 

distinct advantage for determining changes 
within the glacier body using characteri-
zation approaches. While there have been 
a handful of attempts to conduct change 
detection studies for specific GSF in the 
Himalayas (Yousuf et al. 2019, Ali et al. 
2017, Haq et al. 2021, Jawak et al. 2019, 
Yousuf et al. 2024) similar attempts must 
be performed in Svalbard and other gla-
ciated areas. Moreover, research into vari-
ations in GSF present inherent challenges 
such as cloud cover, illumination angles 
casting shadows, and consistency of da-   
ta with maximum ablation. Yousuf et al. 
(2019) describe the importance of reliable 
reference data for consistent GSF map-
ping. Further challenges occur due to     
the large number of sensor-specific map-   
ping methods with untested transferability 
(Wankhede et al. 2023), difficulty in gener-
alization across time (Jawak et al. 2022a), 
and variation among analysts tasked with 
generating training data (Jawak et al. 
2022c). 
     Considering these limitations, the pres-
ent study attempts to map the evolution   
of GSF of the Vestre Brøggerbreen gla-
cier in Ny-Ålesund, Svalbard from 2013  
to 2023 using unsupervised classification 
with a combination of Landsat 7, 8, and 
Sentinel-2A/B data. The primary objective 
for using unsupervised classification is to 
provide an image focused understanding 
of classification and misclassification in a 
GSF specific context. These results will 
potentially lead to enhanced knowledge 
for an image analyst when attempting to 
derive training data across time. 

 
 
Study Area 
 
     Svalbard is an Arctic archipelago, situ-
ated between 75° and 81°N (Fig. 1).  It is 
one of the largest repositories of Arctic ice 
with a 60% glaciated area, representing 
approximately 10% of the total Arctic gla-
cier area. It is very sensitive to climate 

shifts due to its position at the north of the 
warm and highly saline north Atlantic cur-
rent (Kohler et al. 2007). Due to this, Sval-
bard has a warm and variable climate com-
pared to other Arctic regions. Recent stud-
ies (Jawak et al. 2022b, Isaksen et al. 2016, 



S. F. WANKHEDE et al. 

113 

Lapointe et al. 2024) suggest that Svalbard 
is warming 2-3 times quicker than the 
global average. The temperature in Sval-
bard has increased by ~4C over the past 
century (Lapointe et al. 2024). This warm-
ing is mainly due to Arctic amplification 

(Wickström et al. 2020). Arctic amplifica-
tion occurs due to factors like CO2 concen-
tration in the atmosphere, change in sea-
ice extent, increase in H2O content in the 
atmosphere (Wickström et al. 2020), and 
albedo feedback (Serreze and Barry 2011). 

 

 
 
Fig. 1. Location of (a) Svalbard, (b) Ny-Ålesund, and (c) Vestre Brøggerbreen. The Svalbard   
inset is created using available basemap from ArcGIS. The insets of Ny-Ålesund and Vestre 
Brøggerbreen are prepared using Sentinel-2A data acquired in 2019. 
 
 
     This island group contains Ny-Ålesund, 
a research town with several international 
scientific stations. It is situated on the is-
land of Spitsbergen, and it is the northern-
most permanent settlement on the Earth 
(Kar et al. 2018). The glaciers in Ny-Åle-
sund are Austre Lovénbreen (AL), Vestre 
Brøggerbreen (VB), Austre Brøggerbreen 

(AB), Edithbreen (EB), Midtre Lovénbreen 
(ML), Pedersenbreen (PB), and Botnfjell-
breen (BB). Vestre Brøggerbreen (VB) is  
a valley glacier located between 7853-
7856 N and 1136-1148 E (Patel et al. 
2019). VB is situated ~3.5 km southwest 
of Ny-Ålesund and divided into VB-I and 
VB-II with a medial moraine in between 
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(Sadiq et al. 2022). In the present study, 
we focus on VB-II, as it is the larger com-
ponent. Geetha Priya et al. (2022) used an 
unmanned air vehicle to measure VB’s 
surface melt for a four-day period. Other 
studies involve finding snow water equiva-
lent (Patel et al. 2019), estimating glacier 
health using ice velocities (Sadiq et al. 
2022), and biological studies (Kaštovská et 
al. 2005, Singh et al. 2016). While GSF 
have been mapped in Ny-Ålesund as a 

whole (Jawak et al. 2022a, 2022b), on ML 
(Pope and Rees 2014b) and EB (Luis and 
Singh 2020) in isolation, the present study 
is the first GSF characterization attempt 
focused on VB, and the first decade long 
spatiotemporal GSF analysis in Ny-Åle-
sund. Svalbard experiences summer from 
June-August with the warmest month be-
ing July and an average temperature of 
5.6C in Ny-Ålesund (Sadiq et al. 2022). 

 
 
Datasets 
 
     The primary datasets for this study    
are Sentinel-2A/B images from Coperni-
cus, Landsat 7 enhanced thematic mapper 
(ETM) + and Landsat 8 operational land 

imager (OLI) images from USGS. Table 1 
presents the exact breakdown of the data 
across the temporal period of the study.  

 
Sensor Date of 

acquisition Tile ID 

Landsat 7 
ETM+ 14 July 2013 LE07_L2SP_220003_20130714_20200907_

02_T1 

Landsat 8 OLI 23 August 2014 LC08_L2SP_215004_20140823_20200911_
02_T1 

Landsat 8 OLI 01 August 2015 LC08_L2SP_216004_20150801_20200909
_02_T1 

Landsat 8 OLI 09 July 2016 LC08_L2SP_217004_20160709_20200906
_02_T1 

Sentinel 2B MSI 20 August 2018 S2B_MSIL2A_20180820T124659_N9999_
R138_T33XVH_20230421T074221.SAFE 

Sentinel 2B MSI 28 July 2019 S2B_MSIL2A_20190728T132729_N9999_
R024_T31XFH_20230512T193109.SAFE 

Sentinel 2A MSI 27 July 2020 S2A_MSIL2A_20200727T132721_N9999_
R024_T31XFH_20230305T215438.SAFE 

Sentinel 2B MSI 27 August 2021 S2B_MSIL2A_20210827T125709_N0500_
R038_T33XVH_20230121T105836.SAFE 

Sentinel 2B MSI 14 July 2022 S2B_MSIL2A_20220714T122659_N0400_
R052_T31XFH_20220714T150159.SAFE 

Sentinel 2A MSI 14 August 2023 S2A_MSIL2A_20230808T131721_N0509_
R124_T31XFH_20230915T124603.SAFE 

 
Table 1. Complete list of the sensor, date of acquisition, and tile IDs. 
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     The scenes were selected after review-
ing the maximum visible ablation, minimal 
cloud cover (less than 15%), low haze, and 
illumination angles. Based on these crite-
ria, we could not find a suitable image for 
the year 2017. 
     All downloaded scenes were level 2 
processed data (reflectance). Both Landsat 
sensors contain 7 multispectral wavelengths 
along with additional bands. However, 
Landsat 8 OLI has improved calibration, 
signal to noise cancellation and higher 

resolution when compared to Landsat 7 
ETM+ (Roy et al. 2016). Sentinel 2 im-
ages comprise both Sentinel 2A and 
Sentinel-2B which have an identical sen-
sor known as the multispectral instrument 
(MSI) and are phased at 180° to each oth-
er. Sentinel-2A/B consists of 11 multispec-
tral bands with two additional spectrums. 
Table 2 presents the properties of each 
sensor, and the spectral bands used in the 
present study. 

 
Sentinel 2A Landsat 8 OLI Landsat 7 ETM+ 

Resolution Resolution Resolution 
Band Spectral 

(µm) 
Spatial 

(m) 
Band Spectral 

(µm) 
Spatial 

(m) 
Band Spectral 

(µm) 
Spatial 

(m) 
Coastal 
Aerosol 0.443 60 Coastal 

Aerosol 
0.43 -
0.45 30 Blue 0.45 - 

0.52 30 

Blue 0.49 10 Blue 0.45 -
0.51 30 Green 0.52 - 

0.60 30 

Green 0.56 10 Green 0.53 -
0.59 30 Red 0.63 - 

0.69 30 

Red 0.665 10 Red 0.64 -
0.67 30 Near 

Infrared 
0.77 - 
0.90 30 

Vegetation 
Red Edge 0.705 20 

Near 
Infrared 
(NIR) 

0.85 -
0.88 30 

Short-
wave 

Infrared 

1.55 - 
1.75 30 

Vegetation 
Red Edge 0.74 20 Shortwave 

(SWIR) 1 
1.57 -
1.65 30 Thermal 10.40 - 

12.50 60 

Vegetation 
Red Edge 0.783 20 Shortwave 

(SWIR) 2 
2.11 -
2.29 30 Mid-

Infrared 
2.08 - 
2.35 30 

Near Infra-
red (NIR) 0.842 10 - - - - - - 

Vegetation 
Red Edge 0.865 20 - - - - - - 

SWIR 1.61 20 - - - - - - 
SWIR 2.19 20 - - - - - - 

 
Table 2. Band names, spectral resolution, and spatial resolution of the sensors used in the current 
study. 
 
 
Methodology 
 
Data preprocessing 
 
     We created multilayer rasters in the 
sentinel application platform (SNAP) soft-
ware, using the selected bands listed in 

Table 2. Subsequently, 20 m and 60 m 
bands in Sentinel-2A/B data were resam-
pled to a consistent 10 m spatial resolu-
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tion. This allowed for consistent visualiza-
tion and data processing. Although pan 
sharpening improves spatial resolution, we 
did not pan sharpen the Landsat images as 
it distorts spectral reflectance leading to 
erroneous characterization of facies (Jawak 
et al. 2022a). Fig. 2 illustrates the method-
ology of this study. Next, we normalized 

the data to rescale pixel values to the non-
unit reflectance range between 0-1. This 
process allowed band-by-band comparison 
of the spectral reflectance for observable 
facies against existing literature (Luis and 
Singh 2020). Equation 1 presents the nor-
malization used for both sensors which 
was adapted across all bands. 

 
                  
 

where: R – Rescaled (normalized) pixel reflectivity value, 
θ – is the scaled pixel value, 
n – is the maximum digital number based on the radiometric resolution of the sensor. 
  
     After preprocessing, we digitized the 
VB glacier boundary for the year 2013 and 
used that boundary as a mask to extract the 
VB glacier area for all images. Along with 

providing an estimate of the change in 
glacier facies from 2013 to 2023, this al-
lows for visual assessment of the thematic 
classification. 

 

 
 
Fig. 2. The data processing methodology of the present study. Note: DN: Digital number; 
ISODATA: Iterative Self-Organizing Data Analysis Technique; GSF: Glacier surface facies. 

Eqn. 1. 
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ISODATA classification 
 
     Ouchra and Belangour (2021) suggest 
that image classification is crucial because 
it helps to visualize and extract valuable 
information from a satellite image. In su-
pervised classification, the pixels of the 
data are characterized using training data 
provided by the analyst (Jawak et al. 2015). 
Unsupervised classification assigns the-
matic value without user-defined training 
data. These classifiers combine pixels of 
similar properties into thematic classes 
based on a predefined number of clusters. 

This type of classification is also known  
as spectral clustering. The most common 
types of unsupervised classification are   
K-means and Iterative self-organizing da-
ta analysis (ISODATA) (Jawak et al. 2015). 
We selected ISODATA because of its dem-
onstrated utility for mapping GSF (Pope 
and Rees 2014a). Considering the terrain, 
existing literature, and the resolution of the 
data, we delimited the ISODATA classifi-
cation to deliver five output classes. 

 
Identification of glacier surface facies 
 
     Our delimitations of five classes ideal-
ly represent snow, firn, ice, shadowed 
snow, and dirty ice. However, based on  
the ISODATA clustering and evaluation  
of the satellite data, the classes were rede-
signed as: 

a) Snow or snow I – It is the bright-
est facies located at the highest elevation. 
It presents a smooth and continuous sur-
face without any striation. It possesses the 
lowest moisture and maximum reflectance 
among all facies (Jawak et al. 2019, 2022b).  

b) Firn or snow II – This snow is 
formed by melting and refreezing (Florath 
et al. 2022). It is brighter than ice but 
lower than snow or snow 1. The lower 
brightness is due to the increase in mois-
ture content. The surface is smooth and 
continuous like snow and is located near 
snow as the transition facies of snow to ice 
(Jawak et al. 2019, 2022b). We found that 
in certain imagery (excluding 2019, 2022, 
and 2023), firn does not visually or spec-

trally match established patterns reported 
in literature. However, it is consistently 
differentiated as a middle class between 
snow and glacier ice. Accordingly, in these 
cases, we labelled firn as ‘snow 2’ and 
designated the original snow class as 
‘snow 1’. 

c) Ice – Ice displays flow induced 
striations and rough texture. Due to in-
creased moisture content and compaction 
of the individual crystals, its brightness 
and reflectance is much lower than firn 
(Jawak et al. 2019, 2022b). 

d) Dirty ice – Dirty ice is a mixed fa-
cies comprising of a mixture of dust, de-
bris and ice (Jawak et al. 2019, 2022b). It 
presents a lower brightness than ice and   
is observed at the lowest elevations and 
around the glacier’s margins. 

e) Shadowed snow – Shadowed snow 
presents the lowest reflectance with a dark 
tone and a smooth surface (Jawak et al. 
2019, 2022b). 

 
 
Results and Discussion 
 
     To streamline the results of this experi-
ment and maintain readability of the man-
uscript, we present the thematic classifica-
tion maps of 2013, 2018, and 2023 (see 

Fig. 3). The maps for the rest of the tem-
poral period (Supplementary Figs. A1-A7) 
are available in the Supplementary Materi-
als. 
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     When assessing classification derived 
from unsupervised algorithms, it is neces-
sary to determine the primary function of 
the assessment. In the present study, we 
are not aiming to create a highly accurate 
map, rather, we focus on understanding 
how untrained image properties influence 
spectral clustering. In the case of snow/ 
snow 1, and firn/snow 2, coarser resolution 
of images from 2013 to 2018 prohibits a 
clear characterization of firn. Snow 2 dis-
plays lower reflectance than firn but does 
not present the visual and spectral char-
acteristics typical for firn. Therefore, we 
categorized this as snow 2. Images from 
2019-2023 permit a clearer distinction of 
firn (Seier et al. 2024). 
     Interestingly, snow/snow 1 has displayed 
a receding trend from 2013 to 2023, with  
a reduction of 0.31 km2 from 2013 to  
2023 (Fig. 4). While this behavior is typi-       
cal of warming glaciated regions (Kohler       
et al. 2007), this trend is inverted for       
snow 2/firn. While delivering an area of        
0.60 km2 in 2013 for snow 2, the 2023 
classification provides an area of 1.01 km2 
for the corresponding firn class. Although 
clearly inaccurate classification, this may 
be due to the overall darkening of the 
glacier. As observed in Fig. 3, the in-
crease in spatial resolution provides a ro-
bust view of the darkening of the glacial 
surface. Thus, while snow/snow 1 is still 
easily characterizable by its bright appear-
ance and high reflectivity values, snow 
2/firn may provide convoluted data to the 
clustering algorithm. This convolution is 
clearly visible in the classification of shad-
owed snow and dirty ice. 
     From 2013 to 2023, glacier ice has 
clearly reduced, and much of the glacier 
terminus is converted to dirty ice. While it 
is possible to be categorized as debris, oth-
er areas of the glacier with low reflectance 
and visible dust/debris on the surface pro-
vide similar spectral reflectance as the area 
between the 2013 glacier boundary and the 
glacier ice facies. Thus, without adding an 
extra ‘debris’ class, dirty ice’ should effec-

tively encompass all areas of the glacier 
covered by debris, mixed with dust/debris, 
and this region created by the recession of 
glacier ice. Additionally, this increase in 
dirty ice should be quantifiable via an in-
crease in its area from 2013 to 2023. How-
ever, classified dirty ice displays a re-
duction in area from 0.58 km2 in 2013 to 
0.49 km2 in 2023. Moreover, shadowed 
snow which made up 0.44 km of the gla-
cier in 2013, encompassed 0.49 km2 in 
2023. This suggests that although spectral-
ly separable and visually distinct, shad-
owed snow and dirty ice can be misclas-
sified (Jawak et al. 2022b) and therefore 
misrepresented by spectral clustering algo-
rithms. 
     Glacier ice has reduced from 0.95 km2 
in 2013 to 0.85 km2 in 2023. Shadowed 
snow over the glacier tongue presented a 
reduction in area that would be categorized 
into glacier ice. For reference, the 2020 
Sentinel-2A image (Supplementary Fig. A5) 
presented low shadowed snow (0.41 km2). 
In this case, ISODATA classified dirty ice 
at 0.55 km2, glacial ice at 0.66 km2, firn at 
0.85 km2, and snow at 0.63 km2. Moreo-
ver, visual assessment of the 2020 image 
suggests a low misclassification between 
shadowed snow and dirty ice. This indi-
cates that shadow covers are detrimental to 
accurate classification of facies (Jawak et 
al. 2019). This can be further assessed by 
observing the 2014 Landsat 7 (Supplemen-
tary Fig. A1) and the 2018 Sentinel-2B 
classifications (Fig. 3). In both these cases, 
shadowed snow was high, 0.82 km2 in 
2014 and 0.66 km2 in 2018. In both cases, 
dirty ice displayed a low area, 0.28 km2 in 
2014 and 0.41 km2 in 2018. Interestingly, 
in 2014 and 2018, glacier ice was clas-
sified at 0.50 km2 and 0.51 km2; snow 2 
was classified at 0.80 km2 and  0.79 km2; 
and snow 1 was classified at 0.73 km2 and 
0.72 km2. Near similar areas for all facies 
except dirty ice and shadowed snow sug-
gests that increased shadow cover severely 
distorts classification. 
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Fig. 4. Calculated area per facies from the ISODATA classification per year including shadowed 
snow. 
 
 
     Alternatively, the 2016 Landsat 8 im-
age presented the least shadowed snow 
area (0.36 km2). Here, dirty ice was clas-
sified at 0.58 km2, glacier ice at 1.09 km2, 
snow 2 at 0.57 km2, and snow 1 at        
0.53 km2. As visible in Fig. 3, although 
clear differences are visible in the facies 
themselves, the classified area provides 
unreliable distortions due to shadowed 
snow and overall darkening of the glacier. 
     As information extraction techniques 
evolve with modern technologies, there     
is a significant shift towards deep learn-    
ing methodologies for mapping facies 
(Kaushik et al. 2022). Deep learning func-
tions primarily on reliable training data.   
In this study, we have demonstrated how 
scene to scene shifts in a simple facet of 
shadow cover can cause clear distortions 
in the spectral clustering of facies data. 
Even in the hands of a trained operator 
using object-based image analyses, textur-
al features, and additional ancillary layers, 
shadow cover remains a persistent prob-
lem (Jawak et al. 2022b). GSF maps are a 
dynamic, sensitive, and highly effective 

mechanisms for monitoring glacial health 
as they are the direct surface manifesta-
tions of the state of snow and ice within    
a glacial body. However, in Svalbard, in-
creased cloud covers due to the interaction 
of sea with ice (Cisek et al. 2017), daylight 
availability due to the polar night, and 
shadow cover due to illumination angles 
are scene to scene challenges that require 
effective monitoring and reporting. Care-
ful spatiotemporal mapping of GSF in 
such terrain can yield valuable insight into 
how these distortions alter facies outputs, 
providing much needed information for 
operators and deep learning models alike. 
While SAR can overcome cloud and shad-
ow errors, it is necessary to document and 
analyze the present challenges to effective-
ly leverage long-term archival opportuni-
ties presented by the Landsat sensors. In 
future, we will conduct a carefully trained 
spatiotemporal mapping of GSF over a 
longer period to understand exact trends  
in facies, overall deglaciation, and identify 
scene to scene errors hampering long-term 
analyses. 
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Conclusion 
 
     In this study, we conducted a spatio-
temporal unsupervised classification of 
GSF of the Vestre Brøggerbreen glacier   
in Ny-Ålesund, Svalbard from 2013 to 
2023 using a mix of Landsat 7, Landsat 8, 
and Sentinel-2A/B data. We identified 
snow/snow 1, firn/snow 2, glacier ice, 
dirty ice, and shadowed snow. Although 
there is a clear increase in dirty ice and a 
reduction in glacier ice from 2013 to 2023, 
shadow cover prevents accurate spectral 
clustering of the pixels. Images with high 
shadow cover (2014, 2018, and 2023) dis-
play a substantial reduction in dirty ice and 

corresponding misrepresentation of other 
facies. Due to these misrepresentations, 
dirty ice was classified with a much lower 
spatial distribution in 2023 (0.49 km2) than 
in 2013 (0.58 km2). Moreover, firn/snow 2 
was classified as a larger area in 2023 
(1.01 km2). The present results identify a 
clear challenge in spatiotemporal mapping 
of GSF, i.e. identifying, accounting, and 
understanding errors induced by scene/im-
age properties. The present results are ex-
pected to inform future collection of train-
ing data for generating reliable long-term 
GSF archives. 
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Supplementary Materials 
 

 
 
Figure A1. Classification of the 2014 Landsat 07 image. The left panel presents the thematic 
classification, while the right displays the source data, spectral reflectance of the classified facies, 
date of acquisition, and the glacier extent drawn on the 2013 image. 

 

 
 
Figure A2. Classification of the 2015 Landsat 08 image. The left panel presents the thematic 
classification, while the right displays the source data, spectral reflectance of the classified facies, 
date of acquisition, and the glacier extent drawn on the 2013 image.  
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Figure A3. Classification of the 2016 Landsat 08 image. The left panel presents the thematic 
classification, while the right displays the source data, spectral reflectance of the classified facies, 
date of acquisition, and the glacier extent drawn on the 2013 image. 

 

 
 
Figure A4. Classification of the 2019 Sentinel-2B image. The left panel presents the thematic 
classification, while the right displays the source data, spectral reflectance of the classified facies, 
date of acquisition, and the glacier extent drawn on the 2013 image. 
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Figure A5. Classification of the 2020 Sentinel-2A image. The left panel presents the thematic 
classification, while the right displays the source data, spectral reflectance of the classified facies, 
date of acquisition, and the glacier extent drawn on the 2013 image. 

 

 
 
Figure A6. Classification of the 2021 Sentinel-2B image. The left panel presents the thematic 
classification, while the right displays the source data, spectral reflectance of the classified facies, 
date of acquisition, and the glacier extent drawn on the 2013 image.  
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Figure A7. Classification of the 2022 Sentinel-2B image. The left panel presents the thematic 
classification, while the right displays the source data, spectral reflectance of the classified facies, 
date of acquisition, and the glacier extent drawn on the 2013 image. 

 
 


