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Abstract 

In Iceland, glaciers are mainly covered with snow during winter but in spring the surface 

snow cover starts to melt exposing increasingly more of the ice underneath. The snow and 

ice melt are governed by the absorption of shortwave radiation which increases as the surface 

albedo decreases. As the ice albedo is considerably lower than the snow albedo, the 

appearance of bare ice during the summer months results in increased surface melt. Different 

glacial surfaces such as snow, bare ice and debris covered snow or ice all have a distinct 

spectral signature which makes it possible to utilize multispectral remote sensing to 

distinguish each surface property and estimate their spatial distribution. 

Here, temporal evolution of the surfaces of the Langjökull glacier group were estimated 

using supervised image classification techniques on available Sentinel-2 satellite images 

with less than 35% cloud cover. The study period was from 2016-2020 from May till 

September. To mitigate the effect of data gaps due to clouds, a cloud detection and gap-

filling method was applied. During the studied melting seasons, all glaciers lost 30% or 

more of their surface snow cover by area. The method allows the timing of the exposure 

of bare ice at each survey station on Langjökull to be estimated during each melt 

season. Correlation coefficient of 0.83 was found between mass balance measurements at 

each survey station and the number of days of bare ice exposure. The main limitation of this 

method is the frequent cloud cover that hinders observation of the surface. The results of the 

study show that valuable data on the evolution of the winter snow during the melt season on 

glaciers are gained from remote sensing without the need for expansive fieldwork.  

 

  



 

Útdráttur 

Íslenskir jöklar eru stóran hluta ársins huldir snjó en þegar vorar bráðnar snjórinn og jökulís 

sem undir liggur kemur í ljós. Bráðnun snævar og íss er háð gleypni yfirborðsins á orku 

sólarljóss (stuttbylgjugeislun) sem eykst þegar endurkaststuðull yfirborðsins lækkar. 

Endurkaststuðull íss er miklu lægri en snævar og þetta veldur aukinni yfirborðsbráð yfir 

leysingatímabil. Hinar ýmsu gerðir jökulyfirborðs svo sem ís, snjór og skítugur ís og snjór 

hafa hvert sitt „fingrafar“ í litrófi endurkastaðs sólarljóss sem gerir kleift að kortleggja 

yfirborðsgerðir með notkun fjöltíðni fjarkönnunar. Hér er þróun yfirborðs Langjökuls og 

nálægra jökla á leysingatímabili skoðuð og kortlögð með sjálfvirkri flokkunaraðferð sem 

beitt er á myndir frá Sentinel-2 gervitunglunum. Myndir frá árunum 2016 – 2020 yfir 

leysingartímabilið (maí til september) með minna en 35% skýjahulu voru nýttar.  Algrími til 

að fylla í gagnaeyður sem verða þegar yfirborðið er hulið skýjum var beitt. Allir jöklar 

töpuðu 30% hið minnsta af flatarmáli snjóhulu sinni yfir leysingatímabilin. Út 

frá gögnunum var hægt að áætla hvenær jökulís birtist undan snjóhulu á hverri mælistöð á 

Langjökli. Fylgni afkomu á hverri mælistöð og lengd tímabils án snjóhulu reyndist vera 

0.83. Niðurstöðurnar sýna að hægt að er kortleggja þróun yfirborðs jökla með sjálfvirkri 

flokkunaraðferð en aðferðin takmarkast af því að hún er ekki nothæf þegar ský hylja 

jökulyfirborðið. Einnig sýna niðurstöður að hægt að er afla verðmætra gagna um þróun 

snjóhulu jökla yfir leysingatímabil með fjarkönnunargögnum án kostnaðarsamrar feltvinnu.
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1 Introduction  

Glaciers are valuable climate indicators as they are highly sensitive to surface air temperature 

and precipitation changes and visibly demonstrate the effect of climate change. While the 

relationship between glaciers and climate change is complicated as not all glaciers share the 

same morphology, thermal characteristics, and response time, their melting trends are 

unfortunately the same globally (Aðalgeirsdóttir et al., 2020; Andreassen et al., 2020; 

Dussaillant et al., 2019; Hock, 2019; Schuler et al., 2020; Seehaus et al., 2020; Shean et al., 

2020; Zemp et al., 2015; Zemp et al., 2019). This rapid melting is a response to increasing 

temperatures due to a rise in greenhouse gas concentrations in the atmosphere (Hock, 2019; 

Zemp et al., 2015). The main energy source for melting snow and ice is shortwave radiation. 

The amount of shortwave absorption depends on the surface albedo, which is the ratio 

between the incident and reflected shortwave radiation (Gardner & Sharp, 2010). The glacier 

surface evolves throughout the year due to surface melt and dust and impurities blown on 

the surface, causing surface albedo to change throughout the melt season, this ultimately 

affects the glacial surface melting rate (Gunnarsson et al., 2021; Wittmann et al., 2017).  

During the winter months, October to April, Icelandic glaciers (Figure 1.1) are mostly 

covered with snow but in early spring that starts to change. Snow begins to melt in spring 

which changes the snow surface and eventually exposes bare ice and leaves impurities that 

have gathered during winter sitting on top of the surface. These surface changes lower the 

surface albedo increasing the amount of shortwave radiation absorption, increasing the snow 

and ice melt (Gardner & Sharp, 2010). This enhances melting until it snows again in autumn.  

Monitoring surface changes can add to our current understanding of what affects glacier 

surface melt rates. For this type of monitoring, satellite remote sensing is a valuable platform 

as it collects data every couple of days in great detail. Remotely sensed data is also cost-

effective as data from certain satellites are accessible to anyone (Tempfli et al., 2009). This 

can reduce the need for extensive fieldwork in hard to access glacial environments. The main 

disadvantages of remotely sensed data are their sensitivity to atmospheric conditions such as 

cloud cover and shadows. Clouds can create gaps in the data but can be overcome to some 

extent with the use of gap-filling methods (Hu et al., 2020; Kjaersgaard et al., 2010; 

Sarafanov et al., 2020). In recent years, image classification based on machine-learning has 

gained popularity for monitoring glacial surface changes (Jawak et al., 2019; Nijhawan et 

al., 2016; Paul et al., 2016; Racoviteanu et al., 2019; Ryan et al., 2019; Thakur et al., 2016; 

Winsvold et al., 2018; Zhang et al., 2019). It can process high resolution data and handle a 

variety of input data such as multispectral images captured by satellites (Maxwell et al., 

2018). Using machine learning methods, glacier surface changes can be monitored on a large 

scale without expensive fieldwork.  

In this study, surface properties of Langjökull ice cap and its smaller surrounding glaciers 

are identified during the melt season, and their temporal and spatial evolution estimated by 

employing machine learning classification on multispectral satellite images. The study 

period is 2016-2020, capturing the surface properties development that occurs during several 

melt seasons, as well as exploration of which surfaces properties are suitable for this type of 

classification.   
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1.1 Icelandic glaciers 

Iceland, an island of 103,000 km2 is located in the North Atlantic Ocean on the plate 

boundary between the North American and Eurasian plates. The island formed as a result of 

volcanism from the Iceland hotspot and because of that is currently volcanically active 

(Einarsson, 2008). The island experiences a mild oceanic climate and small temperature 

fluctuations throughout the year, owing to the warm Irminger current, even though it lies 

close to the Arctic circle. Average summer temperature is 11°C, winter temperatures hover 

around 0° and the yearly average is 5°C (Björnsson et al., 2007). Warm southerly winds 

bring precipitation over the island which falls mainly on the mountains along the south coast 

(Figure 1.2). There, we find the largest glaciers and ice caps in Iceland (Figure 1.1) 

(Björnsson, 2009; Björnsson & Pálsson, 2008). Average temperatures on top of the largest 

ice caps are around freezing, so most of the precipitation there falls as snow, even in summer. 

Snowfall is also induced by arctic and tropical air masses meeting, creating cyclones that 

cross over the North Atlantic (Einarsson, 1984; Björnsson, 2009; Björnsson & Pálsson, 

2008; Pálsson et al., 2012).   

Currently, ~10% of the island is covered with glaciers that contain ∼3,400km3 of ice. That 

makes them Iceland’s largest water storage which is equivalent to a 9mm potential global 

sea-level rise (Aðalgeirsdóttir et al., 2020; Björnsson, 2009; Björnsson & Pálsson, 2008). 

The glaciers in Iceland follow a similar melting trend as other ice masses on Earth. From 

1890 to 2019, Icelandic glaciers experienced a mass loss of 540±130 Gt, equivalent of 

1.50±0.36 mm sea-level rise, 44% of which happened from 1994 to 2019 (Aðalgeirsdóttir et 

al., 2020). The glaciers have a significant impact on the island's landscape and meteorology. 

Sharp mountain peaks, cirques, and outwash plains are all evidence of glacial activities on 

the island. Glacial meltwater contributes to the island's rivers, some of which are harnessed 

for hydroelectric power production. Icelandic glaciers are all classified as temperate, 

meaning that the glaciers are everywhere at pressure melting point except for at the surface 

that is affected by seasonal changes (Benn & Evans, 2010; Björnsson, 2009). The glaciers 

have in the past few decades been extensively studied with various methods helping 

understand their mechanics and future (Belart et al., 2020; Björnsson et al., 2013). Mass 

balance measurements have been conducted at the largest ice caps since around 1990 

(Vatnajökull, Hofsjökull, Langjökull, and Drangajökull), and also some measurements have 

been conducted at some of the smaller ice caps (Björnsson & Pálsson, 2008). Surface mass 

balance is the difference between the snow accumulated in the winter and the snow and ice 

melt during the summer months. If more ice and snow melts in the summer than accumulated 

in winter, the mass balance is negative. Conversely, if more snow accumulates than melts 

the mass balance is positive (Benn & Evans, 2010; Björnsson, 2009). Radio-echo soundings 

have also been conducted since the mid-1970s, revealing previously undiscovered 

landscapes such as active volcanos, geothermal sites, and subglacial lakes, as well as 

estimates of their total mass and volume (Aðalgeirsdóttir et al., 2020; Björnsson, 2009; 

Björnsson & Pálsson, 2020). Around 60% of the glacier covered area in Iceland covers active 

volcanoes. Jökulhlaups or glacier outburst floods, are a common occurrence because of that, 

transporting sediments long distances and creating outwash plains (Björnsson & Pálsson, 

2008).   
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Figure 1.1: Topography of Iceland and glacial distribution with an inset map showing the 

location of the active volcanic zones (yellow) and central volcano (red dots) (Björnsson & 

Pálsson, 2008). 

 

Figure 1.2: The mean annual precipitation of Iceland in 1961-1990 (Crochet et al., 2007). 
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1.2 Langjökull  

Langjökull (~835km2, ~171km3 in 2019) is the second-largest glacier in Iceland, second only 

to Vatnajökull (Aðalgeirsdóttir et al., 2020). It is situated in the mid-west of the island at an 

elevation range of 460-1,440 m a.s.l. (Pálsson et al., 2012). Only 5% of its underlying 

bedrock lies above its glaciation limit of 1,200m. This means that if the glacier decreases 

significantly, only small glaciers would remain on the highest peaks above 1,100-1,200 m 

a.s.l. It also means that its current configuration is sustained by its surface height. Langjökull 

is for that reason more sensitive to climate variations than other Icelandic glaciers that lie at 

higher elevations (e.g., Vatnajökull and Hofsjökull) (Björnsson, 2009; Björnsson & Pálsson, 

2008). Thus, Langjökull must have formed during a colder time period than the one we are 

currently experiencing. It is estimated that it formed around 4,000 – 5,000 years ago when 

the glaciation limit was significantly lower (Flowers et al., 2007). 

Langjökull is comprised of two ice domes at its northern and southern part. The domes are 

known to exhibit different snowline elevations and thus size of accumulation zone (Pálsson 

et al., 2012; Pálsson et al., 2020). Through radio-echo sounding, the bedrock underneath 

Langjökull has been mapped. It revealed that it formed over a row of separate shield volcanos 

and tuyas. Underneath lie also hyaloclastite ridges and a huge mountain composite in the 

north piled up by subglacial eruptions (Björnsson & Pálsson, 2020; Pálsson et al., 2012). At 

least two volcanic systems are found underneath Langjökull, but they have not been active 

for at least a thousand years.  Several surface DEMs exist, the oldest from the mid-1930s 

(Aðalgeirsdóttir et al., 2020; Pálsson et al., 2012). Langjökull’s edge has been surveyed and 

the area extent documented with increasing temporal resolution (Hannesdóttir et al., 2020). 

Annual mass-balance measurements have been conducted since the glaciological year 

1996/97 at 23-25 survey sites on Langjökull (Figure 4.14). A glaciological year starts in 

autumn during the beginning of the accumulation season and finishes when the ablation 

season ends. It is not specified by a certain date so it can vary slightly from year to year 

(Benn & Evans, 2010). In the period 1890-2019, Langjökull lost 29±8% relative to its 1890 

mass (Aðalgeirsdóttir et al., 2020). Langjökull’s two largest outlet glaciers, west- and east 

Hagafellsjökull, have been known to surge at an interval of 10-20 years, most recently in 

2007 (Plews, 2010). There are also some anecdotal evidences that Suðurjökull and 

Þrístapajökull also surge (Pálsson et al., 2012).  

In close vicinity to Langjökull are three glaciers, Eiríksjökull, Þórisjökull, and 

Hrútfellsjökull. Together they are commonly termed the Langjökull glacial group, shown in 

Figure 1.3 (Sigurdsson & Williams, 2008). This glacial group is the focus of this study as 

they vary in size and are located so they fit in a single satellite image.  
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1.3 Aim and objectives 

The aim and objectives of this study are the following:  

Aim: To determine if Langjökull glacial group’s summer surface properties are distinct 

enough to be mapped with supervised multispectral image classification methods utilizing 

remotely sensed data. If successful, the method will allow a semi-automated estimation of 

the evolution of glacial surface property over the melt season. 

Objectives:  

1. Assess which surface properties are suitable for this type of image classification.  

2. Experiment how cloud cover can be removed and subsequently how the gaps due to 

clouds can be filled with extrapolated data.  

3. Map the extent of these surface properties during melt seasons using supervised 

image classification.  

4. Assess if the glaciers surface mass balance can be estimated using surface property 

during melt season.  

  

Figure 1.3: Langjökull glacial group. Coast lines from National Land Survey of Iceland 

and glacial outlines from Hannesdóttir et al. (2020). 
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7 

2 Literature review 

2.1 Glaciers and albedo 

Glaciers with a positive mass balance are gaining mass, while glaciers that have a negative 

mass balance are losing mass.  If glaciers have a zero mass balance they are in equilibrium 

and lose the same amount of mass through ablation as gained by accumulation. 

Accumulation area is where more mass is gained through snowfall, blown snow, or 

avalanches than lost through ablation each year. While in the ablation area more mass is lost 

through melting, calving, evaporation, etc. than gained (Figure 2.1) (Benn & Evans, 2010). 

Dividing these areas is the equilibrium line that is located where the net annual balance is 

zero i.e. where the accumulation equals ablation over a one-year period. The equilibrium 

line fluctuates in altitude as a response to changes in ablation and accumulation and in turn 

variations in the glaciers mass balance (Braithwaite, 1984; Meier, 1962). The equilibrium 

line and snowline are in the same location on temperate glaciers, the snowline is the 

boundary between snow cover and bare ice on glaciers at the end of melt season. The 

snowline is usually easily visible from remote-sensing data such as aerial photographs or 

satellite images which makes the estimation of equilibrium line altitude (ELA) possible 

without direct field measurements (Bamber & Rivera, 2007). This has been utilized where 

fieldwork is difficult or impossible, such as on glaciers in the Alps, Himalayas, and Andes 

(Barandun et al., 2018; Khan et al., 2015; Rabatel et al., 2012; Rabatel et al., 2005). In 

Iceland snowline has also been used as a proxy for ELA with good results (Hannesdóttir et 

al., 2015).  

The dominant energy source for melting snow and ice in the northern hemisphere is 

shortwave radiation emitted by the sun. The amount of shortwave radiation is controlled by 

atmospheric conditions such as clouds or atmospheric gasses and the proportion of it 

available for melt is modulated by the surface albedo (Gardner & Sharp, 2010). Albedo is 

unitless and measures the amount of shortwave radiation that is reflected from the Earth’s 

surface, i.e., the ratio between the reflected energy and the incident energy. It varies from 0 

Figure 2.1: Illustration of a typical glacier showing 

accumulation area where mass is gained, ablation area where 

mass is loss and equilibrium line (Hambrey & Alean, 2004). 
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to 1, with 0 being a surface that absorbs all incoming energy (a perfect black body) and 1, a 

surface that reflects all incoming energy (Benn & Evans, 2010). New snow has an average 

albedo of 0.80-0.97 (Benn & Evans, 2010) but is greatly influenced by light absorbing 

impurities that darken the snow, melt processes in the snow and the underlying ice causing 

the albedo to drop significantly. The snowpack thickness and density also affect the snow 

albedo since if the snowpack is thick or dense enough the effects of the underlying surfaces 

are eliminated (Wiscombe & Warren, 1980). In Iceland, impurities are commonly volcanic 

ash or dust that are either transported on top of glaciers through dust storms or are exposed 

in the lower layers as the top layers melt away (Larsen et al., 1998; Möller et al., 2014; 

Wittmann et al., 2017). Ice albedo is substantially lower than snow, ranging from 0.10-0.51 

depending on impurities and snow and ice metamorphosis (Benn & Evans, 2010).  

In the early spring and summer months, when the winter snow layer melts away, the 

snowline migrates up the glacier exposing the bare ice underneath (Benn & Evans, 2010). 

The appearance of bare ice in summer seasonally amplifies melting due to lower albedo, 

until snow covers the surface again in the autumn. Bare ice also has a lower porosity, which 

can lower the glacier’s capability to retain meltwater, further increasing mass loss (Ryan et 

al., 2019). For Icelandic glaciers, the melt season usually spans from May to mid-September 

(Björnsson & Pálsson, 2008).   

2.1.1 Spectral properties of snow and ice 

All materials reflect a varying amount of electromagnetic energy at different wavelengths. 

The amount of reflected energy can be visualized through measured reflectance as a function 

of the radiation wavelength. The reflectance curve of each material type or landform usually 

is distinct as each reflects the electromagnetic energy differently. Photo-sensitive 

instruments or sensors aboard satellites can capture the reflected energy and create an image 

of the reflectance curve for each surface property (Tempfli et al., 2009).  

Different glacier surfaces, such as ice and snow, have distinct reflectance curves because 

there are some variables that influence their spectral reflectance such as grain size and light 

absorbing particles. Figure 2.2 shows the spectral reflectance curve of firn, fresh snow, 

glacier ice, and dirty glacial ice. These curves show that the different glacier surfaces can be 

spectrally distinguished as long as there is no overlap between their spectral curves and the 

spectral resolution of the image is sufficiently narrow. The spectral property or surface 

albedo of glaciers controls whether these surfaces can be identified through remote sensing 

methods (Gao & Liu, 2001). Fresh dry snow grain size increases with time as the snow grains 

melt causing more energy absorption, lowering the albedo and its spectral reflectance curve 

(Benn & Evans, 2010). The change in albedo could possibly cause an overlap between 

reflectance curves making the different glacial surface properties no longer distinguishable. 

The reflectance curve and thus albedo of snow gets lower as the grain size increases for 

example (Painter et al., 2009). Lowering of albedo also occurs when light absorbing 

impurities settle on top of glaciers (Wittmann et al., 2017).  

In theory, glacial surface properties can be mapped with a machine learning method applied 

on multispectral images from satellites given that the glacial surface properties are spectrally 

distinct enough.  
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2.2 Multispectral satellite imagery 

Multispectral imagery refers to an image composed of measured electromagnetic energy at 

specific sections of the electromagnetic spectrum. Sensors aboard satellites capture the 

reflected energy within a specific range of the electromagnetic spectrum using either passive 

or active sensors. Passive sensors measure the reflected sunlight while active sensors have 

their own source of illumination and capture its backscatter. Each range in the spectrum is 

referred to as a band. Since all matter with a temperature above zero (0 K), excluding black 

bodies, emit or reflect electromagnetic radiation, its radiation can be captured creating an 

image of the object or in this case the Earth's surface. Each multispectral image is composed 

of multiple bands at certain ranges that are determined by the sensor that captures them 

(Tempfli et al., 2009). 

Multispectral images are described with three types of resolution: spatial, spectral, and 

temporal. Spatial resolution is the surface area of one individual pixel. Spectral resolution 

describes the ability of a sensor to define fine wavelength intervals. The finer the spectral 

resolution, the narrower the wavelength range for a particular channel or band. Temporal 

resolution is the time between two images and thus how long it takes for the satellite to 

revisit the same spot (Sentinel-2 User Handbook, 2020). Multispectral imagery makes it 

possible to obtain information that the human eye cannot capture since it can cover more 

than the visible spectrum. Applications of multispectral imagery include geological 

mapping, metrological observations, and risk monitoring (Tempfli et al., 2009). Here, 

Sentinel-2 multispectral images were used to map the areal extent of different glacial surface 

properties on the Langjökull glacial group.  

Figure 2.2: Spectral reflectance curves between 0.4 and 1.2 µm 

for fresh snow, firn, glacier ice and dirty glacier ice (Gao & Liu, 

2001) 
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2.2.1 Sentinel-2  

Sentinel-2 is an imaging mission that collects multispectral, wide-swath, and high-resolution 

data and is comprised of two satellites. The satellites fly in the same polar orbit, phased at 

180° resulting in excellent polar coverage. The two satellites, S2A and S2B were launched 

separately, one on the 23rd of June 2015 and the other on 7th March 2017. They are a part of 

the Copernicus program and are operated by the European Space Agency (ESA). Sentinel-2 

collects 13 spectral bands with the spatial resolution of 10, 20, and 60m in the visible and 

near-infrared, and short-wave infrared parts of the spectrum in a 290km swath width with 

passive sensors. All bands offer some surface information except band 10 as it collects 

information on high altitude clouds or cirrus. Each satellite revisits the same spot every 10 

days and since there are two satellites the temporal resolution is 5 days (significantly more 

at high latitudes). The Sentinel data are provided at different processing levels, either Level-

1C that provides Top-of-atmosphere (TOA) reflectance or Level-2A which provides 

Bottom-of-atmosphere reflectance (BOA) along with a scene classification. TOA reflectance 

images are contaminated by atmospheric particles through the absorption and scattering of 

the Earth’s surface radiation. BOA reflectance is calculated from TOA reflectance through 

atmospheric corrections to retrieve the surface reflectance free from those atmospheric 

effects. Level-2A scene classification detects clouds, shadows, cloud shadows, vegetation, 

soils/deserts, water, and snow which are commonly termed masks (Sentinel-2 User 

Handbook, 2020). Sentinel-2 spatial and spectral resolution are shown in Table 1.  

 

Table 1: Spatial and spectral resolution of Sentinel-2 bands (Sentinel-2 User Handbook, 

2020). 

Band Number Band Description 
S2A Central 

Wavelength(nm) 

S2B Central 

Wavelength(nm) 

Spatial 

Resolution(m) 

1 Coastal Aerosol 442.7 442.2 60 

2 Blue 492.4 492.1 10 

3 Green 559.8 559 10 

4 Red 664.6 664.9 10 

5 VNIR 704.1 703.8 20 

6 VNIR 740.5 739.1 20 

7 VNIR 782.8 779.7 20 

8 VNIR 832.8 832.9 10 

8a VNIR 864.7 864.0 20 

9 SWIR 945.1 943.2 60 

10 SWIR 1373.5 1376.9 60 

11 SWIR 1613.7 1610.4 20 

12 SWIR 2202.4 2185.7 20 

 

2.3 Image classification 

Image classification is the process of extracting information classes from a multispectral 

image that is ultimately used to create a thematic map (Rees, 2012). It is based on the 

different spectral characteristics of different materials on the Earth’s surface. The basic 
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assumption is illustrated in Figure 2.3. Each surface property creates a cluster in the featured 

space that allows for predictions that all the unknown pixels that fall within the cluster are 

of the same surface properties (Tempfli et al., 2009). Image classification process can be 

divided into four steps as is illustrated in Figure 2.4.  

The first step in image classification is the selection and preparation of the multispectral 

image, this is dependent on what is being classified and the type of multispectral image. 

Different multispectral images are more suitable for certain landforms and also require a 

different amount of preprocessing such as resampling or reprojection, prior to classification 

(Tempfli et al., 2009).  

The second step is training data creation that can be executed with either supervised or 

unsupervised machine learning algorithms both of which have their advantages and 

disadvantages (Rees, 2012). Unsupervised classification is where the algorithm detects the 

surface properties and classifies with little to no human supervision. The main advantage of 

unsupervised learning is that it requires no time in creating training data, but this also means 

that the classification leaves no room for improvement if the classification comes out flawed. 

Additionally, there is no control of which surface properties are classified since the machine 

algorithm detects them unsupervised. Using supervised classification these disadvantages 

are accounted for. It involves manually creating training areas for each surface property and 

studying their spectral patterns (Ahmad & Quegan, 2013). Creating clear, distinct training 

areas is important as an overlap in spectral signatures, as is demonstrated in Figure 2.3 

between grass and wheat, can result in classification errors. This can also be analyzed by 

looking at the spectral reflectance curve of each surface property and it can also aid in 

determining what bands are useful for classification. Therefore, using a supervised 

algorithm, the classification classes are predetermined, fits the interest of the study and the 

classification can be improved simply by revising the training area and trying again. The 

Figure 2.3: Feature space showing the respective clusters 

of six classes. Each surface property creates a specific 

cluster in the feature space (Tempfli et al., 2009). 
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disadvantages of supervised learning are that it is time-consuming and requires precision 

when creating training areas (Tempfli et al., 2009). For this study, supervised classification 

is superior as classes of interest i.e., glacial surface properties can be carefully chosen as 

opposed to an unsupervised classification.  

The third step is to run the actual classification where each multi-band pixel is assigned to a 

surface property based on the spectral patterns from the training data. How the pixels are 

assigned is controlled and carried out using a classification algorithm (Tempfli et al., 2009). 

Supervised classification methods, like the one applied here, rely on training samples and 

when comparing different classification algorithms, the selection of training samples has 

proven to have a bigger impact on the classification rather than the classification algorithm 

(Huang, Davis, & Townshend, 2002). For the classification of glacial surface properties, the 

Random Forest (RF) classification algorithm has been shown to be successful (Lu, Zhang, 

& Huang, 2020; Ryan et al., 2019; Sentinel-2 User Handbook, 2020; Zhang et al., 2019). RF 

is a learning algorithm that consists of individual decision trees that then vote for classes. 

RF randomly builds each decision tree, as the name suggests, to create a forest with trees 

that do not correlate. Each decision tree gets to vote for a surface property and the surface 

property with the largest number of votes becomes the model's prediction. Having random 

decision trees creates more varied voting in the end. RF ensures that even if some decision 

trees vote for the wrong surface property the overall outcome is correct. Decision trees are 

based on the training data and usually increased number of decision trees results in higher 

accuracy (Breiman, 2001). One of the advantages of RF is that high number of decision trees 

will not overfit the model, but the number of decision trees should not be larger than needed 

as that will slow down the process (Zhang et al., 2019). The other parameter controlling the 

classification is the number of training samples i.e., the number of training data randomly 

used to train the model. This number needs to be similar as the number of the class with the 

smallest number of pixels, otherwise, the same pixels are used repeatedly, this was done for 

this study (Breiman, 2001).  

The fourth and final step is accuracy assessment where the results from the image 

classification are validated. It involves comparing the classified image to other data that are 

deemed accurate or ground truth data. Ground truth data can be a multispectral image, data 

collected in the field or a pre-existing classified image. This is commonly done through point 

sampling, where a pixel on the classified image is compared to the same pixel in the ground 

truth data (Congedo, 2016; Tempfli et al., 2009). Several sampling schemes can be used to 

select what pixels should be tested and for land classification, such as this one, it is 

recommended to use a simple random sampling or stratified random sampling. In this study, 

stratified random sampling was deemed superior, that method ensures that the number of 

samples for each surface property is based on its size and each surface property can be 

evaluated separately (Tempfli et al., 2009). Error matrix or a confusion matrix is created 

following point sampling and is a way to calculate the areas or samples that are correctly 

classified and thereby estimate the accuracy of the classification. It is an n x n array where 

Figure 2.4: The four steps of image classification (Rees, 2012; Tempfli et al., 2009) 
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n is the number of classes in the data. The overall accuracy or proportion of overall accuracy 

is finally calculated by dividing the number of correctly classified pixels by the total number 

of checked pixels (Rees, 2012). 

Through image classification and remote sensing, different glacial surface properties have 

been mapped and monitored using various data. Ryan et al. (2019) documented snowline 

migration from 2001 - 2007 and its correlation to snow melt in Greenland with a RF 

classification algorithm on MODIS satellite images. Glacial surface properties in Norway, 

Svalbard, Greenland, and Alaska have been mapped using synthetic-aperture radar 

backscatter imagery and terrestrial high frequency ground penetrating radar. That is possible 

since the SAR backscatter is influenced by the physical properties of ice and snow (Bamber 

& Rivera, 2007; Barzycka et al., 2019; Winsvold et al., 2018). In 2019, glacial outlines in 

the Parlung Zango basin in Tibet were estimated using image classification (Zhang et al., 

2019). There, the main goal was to detect debris-covered glacier surfaces using a RF 

classification algorithm on three mostly cloud-free Landsat-8 satellite images. By including 

thermal bands 10 and 11, they were able to distinguish debris-covered glaciers from the 

surrounding rock as the surrounding rock is warmer (Zhang et al., 2019).  
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3 Methods and data 

Glacier surface properties detection and classification on Sentinel-2 images require image 

preprocessing, training data input, and image classification. Successfully classified images 

with more than ~2% cloud cover need cloud gap-filling to provide spatial complete data for 

a given glacier. Figure 3.1 illustrates the workflow from a Level 1C image to a finished 

classified and cloud gap-filled product that each Sentinel-2 image went through. Each step 

shown in the figure is further described in the following subsections.    

Figure 3.1: Flowchart illustrating the image classification process from an unprocessed 

Level 1C image to a finished classified and cloud gap-filled product. 

3.1 Sentinel 2 data  

This study uses Sentinel-2 multispectral images covering the Langjökull glacial group, freely 

obtained from Copernicus Open Access Hub of the European Space Agency (ESA). Only 

multispectral images with 35% or less cloud cover were considered. The aim was to get 

relatively cloud-free images of the glacial surface, but some cloud cover was acceptable, as 

gaps created by clouds are later filled. The study period of interest is the summer months 

when bare ice is exposed and the snowline can be tracked., i.e., May to September, from 

2016 to 2020. Given these criteria, a total of 78 images were obtained while overall 390 

images were captured during the study period (Table A 1). 
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3.2 Preprocessing 

Multispectral images, such as Sentinel-2 images, include varied data with different 

properties that need to be considered before any processing, such as image classification. 

During preprocessing, these properties usually need to be altered in one way or another to 

improve the analysis. The downside of heavy preprocessing is data loss, but usually, it is 

minor, and since it improves the analysis, data loss can be partly ignored (Gurjar & 

Padmanabhan, 2005). Preprocessing is necessary for all 78 Sentinel-2 images prior to 

classification and is done using the open-source software Sentinel Application Platform 

(SNAP v.8.0.0) from the European Space Agency (ESA). For glacial surface properties 

classification of Sentinel-2 images, preprocessing steps are as follows; atmospheric 

correction, resampling, reprojection, and removal of area not covered with glacier. After 

preprocessing, all the multispectral images have a spatial resolution of 20m, are re-projected 

to WGS 84, show only areas covered with glaciers and are ready for image classification. 

Each step is further described in the following text.  

Atmospheric correction 

Processing all multispectral images to a Level-2A that results in a scene classification and a 

BOA reflectance rather than TOA reflectance. Level-2A product is preferable as it shows 

the true surface reflectance unaltered by atmospheric affects and a scene classification which 

is used to detect clouds. The more recent images from 2018 to 2020 are already available as 

a Level-2A product while the remaining ones from 2016 and 2017 are only available as a 

Level 1C product. This atmospheric correction is carried out in the Sen2Cor application in 

SNAP ESA.  

Resampling 

Resampling refers to the resizing of pixels in a certain image as bands have different spatial 

resolutions (Table 1). Resampling is done through a nearest neighbor algorithm in SNAP 

ESA where each pixel is assigned the value of the nearest original pixel. Using this algorithm 

all spectral information is retained which is necessary for image classification (Tempfli et 

al., 2009) providing spectral information for each pixel to be classified. All Sentinel-2 

images are resampled to the spatial resolution of 20 m same as most of the Sentinel-2 bands. 

A higher resolution of 10 m was also considered put as it greatly increased the computation 

time a spatial resolution of 20 m is favorable.   

Reprojection 

Reprojection is done as the RF algorithm in SNAP ESA requires the input grid in a certain 

projection and does not work if the input data are in the arbitrary grid that the Sentinel-2 

images are supplied in, the Universal Transverse Mercator coordinate system (UTM). 

Therefore, all Sentinel-2 images are re-projected from UTM to geographic Lat/Lon (WGS 

84).  

Removing areas not covered with glacier 

The last step in preprocessing is to remove areas not covered with glacier. This is done by 

using glacier outlines from Hannesdóttir et al. (2020). The same outlines are used for all 

years meaning that in some instances land was also included since the glacier is retreating 

(Aðalgeirsdóttir et al., 2020; Pálsson et al., 2020). This last step removes areas that are of no 
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interest for this study, reduces the computation time of the classification, and simplifies the 

classification process for the RF model as it does not need to be train for areas not covered 

with glacier.  

3.3 Training area selection and image 

classification 

To train the classifiers, training areas for each glacial surface property are manually 

delineated. Bare ice, debris, cloud, and snow are the main properties of interest for this study 

while other classes such as water, dirty and clean snow are also considered and tested. The 

greatest difference in spectral reflectance between glacial surfaces properties is found in the 

visible wavelengths, red (664.6 nm), green (559.8 nm), and blue bands (492.4 nm), thus 

during training data collection, those bands are used (Ryan et al., 2019; Sentinel-2 User 

Handbook, 2020). Training data selection is done in QGIS (3.10.14) and examples of each 

surface property is shown in Figure 3.2 – 3.4. Once classes and their training areas were 

defined, the classification of glacial surface properties is conducted, and a classifier created 

in SNAP ESA. The surface property classification is carried out using an RF classification 

algorithm. 100 decision trees are used as that number has been successful in other glacial 

property classifications and the number of training samples used is close to the pixel number 

of the surface property with the lowest number of training pixels (Breiman, 2001; Zhang et 

al., 2019). Classifiers are then applied further on other Sentinel-2 images. Each trained 

classifier is based on the spectral properties of training areas on a single Sentinel-2 image. 

This means that the training areas need to be redefined each time a new classifier is trained. 

Throughout the classifier development process, multiple classifiers are trained which all 

need individual training areas and Sentinel-2 image.  

 

 

 

B A 

Figure 3.2: Examples of debris/land (A) and bare ice (B) training area selection on 

Sentinel - 2 multispectral image in true color captured on the 14th  of August 2020. 
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Figure 3.4: Examples of cloud training area 

selection on Sentinel 2 multispectral image in 

true color captured on the 1st of August 2019. 

B A 

Figure 3.3: Examples of water (A) and snow (B) training area selection on Sentinel - 2 

multispectral image in true color captured on the 14th  of August 2020. 
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3.4 Accuracy assessment of image classification 

Accuracy assessment is done after the image classification and prior to cloud-gap filling 

through a random stratified point sampling resulting in an error matrix. Random stratified 

sampling divides the sample size into sub-groups for each surface property ensuring that 

each one is tested even though they occupy a small area. The overall sample size and number 

of sample points for each surface property are calculated based on the area proportion of 

each surface property and the standard error of the estimated overall accuracy that is wanted 

to achieve. This is carried out using Cochran (1977) sample size formula for stratified 

random sampling. Manual inspection of each sample point is conducted to see if the 

classified pixel from the image classification model matches the Sentinel-2 image. The ratio 

of correctly classified pixels is calculated and is on a scale from 0 – 1, where 1 indicates that 

all pixels are correctly classified and 0, none. This is carried out using the AcATaMa QGIS 

plugin (Llano, 2021).  

3.5 Cloud gap-filling  

Gaps due to cloud cover need to be filled to mitigate data loss as data is already scarce.  

Cloud gap-filling is done on classified images with more than ~2% cloud cover over the 

glacier. Time-series analysis, interpolation, and machine learning methods are considered 

for cloud gap-filling.  

Time-series analysis is unfeasible as the data is from irregular intervals. Interpolation is also 

not suitable as in some instances a large portion of the glaciers are covered in clouds and 

would then need extensive gap-filling. Interpolation is more suitable for smaller gaps than 

appeared in this study because interpolation makes estimates based on the surrounding 

known values (QGIS, 2021). Machine learning on the other hand, has the advantage of using 

external variables to estimate what glacial surface properties lie underneath clouds. This 

proved to be the best option for this data set as it often has large cloud cover of the glaciers 

and is during irregular intervals. The variable used in this study, is elevation obtained from 

the National Land Survey of Iceland (LMÍ, 2016). From the elevation data, the elevation 

ranges of the different surface properties can be found on each image and glacier. A model 

is then trained based on the different elevation ranges and applied on the cloud covered 

pixels. This cloud gap-filling process is done for each classified image as each image needs 

its own model. Additionally, a separate model is trained for each of the four glaciers as 

inaccurate results are achieved when surface property prediction on one glacier is based on 

properties from other glaciers. If a glacier is completely cloud covered it is not included in 

the final results.  

The cloud gap-filling process is carried out in MATLAB (R2021a) using the Classification 

Learner application. It is capable of training models for data classification using supervised 

machine learning similar to the one applied during the image classification process. The 

application offers training of different model types, model settings and two types of 

validation schemes, either a holdout or cross-fold validation that both estimate the accuracy 

of each model (Mathworks, 2021).   

Holdout validation splits data into a training set and test set. The training set trains the model, 

and the test set are held out of the training process. Once a model has been created, test sets 
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are then used to validate the model performance by applying it on the trained model as 

unknown data. With cross-fold validation the data is randomly split up into a certain number 

of groups, one group is then used as a test set and the other as training sets and the model 

trained with that. The splitting procedure is then repeated until each of the groups has been 

used as a test set. Cross-fold validation is considered to be more accurate, but it is 

considerably more time consuming when large data sets are validated as in this study 

(Mathworks, 2021).  

For that reason, a 20% holdout validation scheme of cloud gap-filling is applied for the 

Langjökull glacier group data set. To determine the best performing model type i.e., the 

classification algorithm, classified images with varying amount of cloud cover are selected 

and the prediction accuracy of them compared. Once the most accurate classification 

algorithm has been identified, it is applied on the remaining images without the need to train 

all the classification algorithms for each image, thereby reducing the computing time.   
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4 Results and discussion 

This study explores the feasibility of using machine learning algorithm on high resolution 

multispectral images for glacial surface properties classification on a large scale. What 

follows are the results from the study along with discussion. The causes of lower accuracy 

results are discussed in the context of further improving the classification method in the 

future along with discussion of the trials and errors throughout the entire process. Finally, 

the results are compared to mass balance measurements and correlation found to assess 

whether the surface property classification method can provide a remote sense observation 

that could replace the expensive mass balance measurements. 

4.1 Spectral properties of glacier surface 

properties  

Two main classifiers are trained in the study, they are based on two Sentinel-2 images, one 

from the 14th of August 2020 and the other from 1st of August 2019, both images have all 

the surface properties of interest. Note that each classifier is only be based on a single 

Sentinel-2 image because of limitation in the SNAP ESA software. For cloud cover detection 

and removal, two methods are applied. The first method removes all pixels within cirrus, 

cloud, and cloud shadow masks generated with the Sen2Cor scene classification. The second 

method classifies clouds same as any other surface property. To estimate what bands are the 

most suitable for image classification, the reflectance curve of each surface property is 

created and analysed for each image. All bands except band 10 were used for classification 

as it includes no surface property information. 

Figure 4.1 shows the reflectance curves for the considered surface properties for both the 

Sentinel-2 images. Note that bands 11 and 12 offer no information on glacier surface 

properties as their reflectance values are low. Clouds on the other hand are distinguishable 

from the glacier surface properties with these bands as their reflectance values are 

significantly higher as shown in Figure 4.1 B. Snow and debris/land both have a clear 

distinction from other classes, while water and ice have similar reflectance curves. The 

spectral signature curves of ice and water are similar or even same in bands 4, 5, 6, 7, 8, 8A 

and 9. 

4.2 Initial classifier development 

The initial classifier development involves testing multiple Sentinel-2 images for classifier 

training and different surface properties to be classified. What follows are the main 

conclusion drawn during this process. Prior to selecting the two images mentioned above, 

from the 1st of August 2019 and 14th of August 2020, classifiers were trained on several other 

Sentinel-2 images from various times during the melt season to assess what kind of image 

yields the highest classification accuracy. Each classifier is trained on the spectral properties 

from a single Sentinel-2 image. The classifiers are then subsequently applied to other images 

and their accuracy estimated. Through manual observation of the results, it is concluded that 

classifiers trained on images from early summer have lower accuracy because the capability  
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Figure 4.1: Spectral properties of the different glacier  surface properties considered in  

the study from Sentinel-2 images taken on 14th of August 2020 (A) and 1st of August 

2019 (B). 

A 

B 
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to distinguish between dirty snow and ice is not good enough when they are applied to 

images later in the melt season. This is illustrated in Figure 4.2,  an image from the 20th of 

August 2017 is classified using a classifier trained on an image from the 23rd of May 2019 

i.e., early summer. In the late melt season image, visual observations show that the dirty 

snow is misclassified as ice. This is likely because in early summer the glacier is covered by 

relatively clean and fresh snow with different spectral properties than older snow. Older 

and/or dirtier snow has a lower spectral reflectance curve than fresh snow, so it is confused 

with ice in several locations (Benn & Evans, 2010). Classifiers trained on images from late 

summer, however, show more accuracy at distinguishing between dirty snow and ice when 

applied on other images.  This is likely because snow late in the melt season includes a more 

varied surface properties than compared to snow early in the summer. This observation led 

to choosing an image from late summer, rather than from early summer, to train the final 

classifier.  

 

This initial development of classifiers also included various combinations of surface 

properties to be classified such as clean snow, dirty snow, water, firn, ice, debris, and land 

which overall work well for the image selected to train the classifier. Visual comparison 

between the Sentinel-2 image and its classified image revealed that once the classifiers are 

applied to other images their accuracy greatly decreases. Shadows on glaciers cause 

fresh/clean snow to be wrongly classified as dirty snow or even ice. Debris covered ice and 

land could not be easily distinguished as their spectral signatures are deemed too similar. 

Reduction of the number of classes trained by the classification model yields better results 

and allows the classifier to be applied with better success on other images. Therefore, land 

and debris are combined into one and all snow cover, fresh and dirty, are combined into one. 

The initial classifier development shows that a classifier is most accurate if it is trained on 

an image from late summer and classifies only a small number of surface properties.  

Figure 4.2: Failed image classification results from the 20th of August 2017, the classifier 

applied here was trained on the 23rd of May 2019, resulting in classification errors for 

snow when applied on images from late summer. 
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4.3 Final classifier development 

The final classifier development involved testing different band combinations and cloud 

removal methods. The Sentinel-2 image from the 14th of August 2020 was selected for 

classifier training as it is completely cloud free, has all the glacier surface properties of 

interest and is from late summer. A classifier trained on that image classifies snow, ice, 

water, and debris/land. From their spectral signatures, as illustrated in Figure 4.1 A, band 

combination 1, 2 and 3 is deemed favorable to distinguish surface properties. Figure 4.3 

shows results from that classification training. Through manual observations of the Sentinel-

2 image and classified image, it is noted that both snow and ice are misclassified as water. 

The reason for this is a lack of information given to the classifier from the bands even though 

their spectral signatures are distinct. In the next step, all bands except for 11 and 12 are 

included in the classifier to improve the classification, which is successful to some extent. 

Manual observation of the Sentinel-2 image and the classified image shows that snow is no 

longer misclassified as water, but ice is sometimes misclassified as water, indicating 

confusion between the two classes as is shown in Figure 4.4. An accuracy assessment of that 

classified image also reveals that no water pixels were correctly classified. In an effort to 

improve the classification, training data is adjusted but without success. Water also covers 

only a small portion of the glacier reducing the amount of training pixels that the classifier 

is trained on (Table 2). Therefore, it is decided to remove water from the image classification. 

This simplification results in the final surface properties to be classified; ice, snow, and 

debris/land.  

Cloud cover detection is initially done by relying on masks that are included in the scene 

classification as a result of Level-2A processing (Sen2Cor output).  All pixels that are within 

the cloud related masks (clouds, cloud shadows and cirrus) are replaced with no-data that 

then need to be gap-filled. Manual observations of this method show that not all clouds are 

detected with this method. Because of this missing of some clouds, further tests to detect 

clouds are conducted and one way is to classify clouds the same as the other classes. This 

meant the Sentinel-2 image from the 14th of August is no longer a suitable option to train the 

classifier as it includes no cloud cover. The SNAP ESA software only trains each classifier 

Figure 4.3: Failed surface classification results from a classifier trained on the 14th of 

August 2020, with ice, snow, water, and debris/land classes using bands 1, 2 and 3. Visual 

comparison between the Sentinel-2 image (left) and classified image (right) indicates that 

there is confusion between ice and snow and water.  
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on a single image. Another image, captured on the 1st of August 2019 is selected instead. It 

has cloud cover over the glaciers that was included as training data, is from late summer and 

includes all the glacial surface properties of interest. Most of the cloud cover pixels used to 

train the classifier are over a part of Hofsjökull, a glacier that is not included in this study. A 

classifier is trained on that image with all bands excluding band 10, bands 11 and 12 are 

included as they help with the cloud detection (Figure 4.1 B).  

All 78 images are classified with classifiers trained on the 14th of August 2020 and the 1st of 

August 2019 images. The classifier from 1st August 2019 is deemed more successful as it 

detected ∼14% more cloud cover and manual observations also confirm that. Table 2 shows 

the amount of manually classified pixels used for each image. 

Figure 4.4: Failed surface classification results from a classifier trained on the 14th of 

August 2020, with ice, snow, water and debris/land using all bands excluding band 10. 

Visual comparison between the Sentinel-2 image (left) and classified image (right) indicates 

that there is confusion between ice and water as the classified image indicates that there is 

water on the ice surface while there is little no none.  

 

Figure 4.: Failed surface classification results from a classifier trained on the 14th of 

August, with ice, snow, water and debris/land classes using bands 1, 2 and 3. Results show 

that both snow and ice are misclassified as water, so this classifier was unsuccessful. 

 

 

 uuunsuccessful.  

 

Figure 4.Figure 4.: Failed surface classification results from a classifier trained on the 

14th of August 2020, with ice, snow, water and debris/land using all bands excluding band 

10. Results show that there is confusion between ice and water so this classifer was 

unsuccessful. 

Figure 4.5: Surface classification results from a classifier trained on the 1st of August 

2019, with ice, snow, clouds and debris/land. Note that most of the cloud training pixels 

were from Hofsjökull. 
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The final classifier is trained on the image from the 1st of August 2019 and classified snow, 

ice, debris/land, and cloud and uses spectral information from all bands excluding band 10. 

Figure 4.5 shows an example of results from that classifier. The results from this classifier 

need to go through cloud gap-filling and are then used to track snowline elevation (SLE) and 

bare ice exposure. Successful classification is possible for 66 out of the initial 78 images. 

The main reason for the 12 images being excluded is misidentified clouds and cloud 

shadows. 

Table 2: Number of training pixels for each surface property and date.  

 

4.4 Accuracy assessment  

Accuracy assessment of the final classifier trained on the image from the 1st of August 2019 

was conducted with random stratified point sampling with its respective Sentinel-2 image as 

ground truth data. The surface properties classified are snow, ice, cloud and debris/land, and 

spectral information from all bands except bank 10. Table 3 shows the obtained error matrix 

and the accuracy of each surface property which ranges from 0.96-1 with an average 

accuracy of 0.97.  

The comparison of the classified results with the image itself as ground truth makes it 

possible to assess the accuracy of the classifier, but it does not evaluate how well the 

classifier performs on other images. 

Table 3: Error matrix for the classifier trained on image from 14th of August 2019, 

showing the number and ratio of correctly classified pixels.  

Classified Values 

R
ef

er
en

ce
 I

m
ag

e
  Snow Ice Debris/Land Clouds Total  

User 

Accuracy 

Snow 178 4 0 0 182 0.97 

Ice 6 187 0 0 193 0.96 

Debris/land 0 0 16 0 16 1.0 

Clouds 0 0 0 5 5 1.0 

Total 184 191 16 5 396  

Producers’ 

accuracy 
0.96 0.97 1.0 1.0  0.97 

Training image date Snow Ice Debris/land Water Cloud Total  

14th of August 2020 3,793,029 1,123,172 56,724 2,909 - 4,990,585 

1st of August 2019 2,381,629 1,796,763 25,027 - 13,172 4,220,293 
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4.5 Cloud gap-filling  

Cloud cover over the glaciers results in data gaps that requires additional steps to further 

estimate what glacier surface properties lie underneath the clouds. Cloud cover over the 

glaciers detected by the final classifier ranges from 0% to 84% and 35 out of the 66 

successfully classified images have more than 2% cloud cover over the glaciers and require 

cloud gap-filling. For each classified image and glacier, a cloud gap-filling model is trained 

using area of the glacier that is cloud free and carried out using a classification algorithm.  

To determine which classification algorithm yields the best results, images with varying 

amount of cloud cover are cloud gap-filled using different classification algorithms and the 

results compared. Decision trees, support vector machines and nearest neighbors are 

examples of classification algorithms that were tested. The classification algorithm that gives 

the most accurate results when cloud gap-filling is selected, eliminating the need to test 

different classification algorithms for each image. Accuracy is determined with a 20% 

holdout validation scheme. The classification algorithm controls how the cloud gap-filling 

model makes its predictions.  

Classified images with 7, 26, 51 and 83% cloud cover over glaciers all have the highest cloud 

gap-filling accuracy, an average of 0.91, with a medium decision tree algorithm. A medium 

decision tree algorithm uses a tree-like model of possible glacier surface properties to make 

estimates on the cloud covered areas. A medium decision tree algorithm was then applied to 

the remaining images assuming it would yield the highest cloud gap-filling accuracy. 

Overall, the cloud gap-filling accuracy with a medium decision tree applied on all 35 images 

ranges from 0.71 to 0.99, with an average of 0.92. The correlation between the accuracy and 

date is 0.64 while there is a correlation of 0.00 between the cloud gap-filling accuracy and 

the amount of cloud cover, this is demonstrated in Figures 4.7 and 4.6.  
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Figure 4.7: Cloud gap-filling accuracy 

plotted against the date.  
Figure 4.6: Cloud gap-filling accuracy 

plotted against cloud cover. 



28 

During late summer, the cloud gap-filling accuracy is lower than in images earlier in the 

melt season due to a more varied surface as opposed to the glacier being mostly covered in 

snow in early summer. As the snow melts and the snowline migrates upwards during melt 

season there are greater variations in the glacial surface properties. As the melt progresses 

the elevation range of detected snow and ice increases, likely causing some overlap between 

their elevation ranges. For each image a model was trained and when training the model, the 

overlap results in larger inaccuracies. Greater cloud cover on the other hand does not seem 

to decrease each model’s accuracy even though it decreases the number of training pixels, 

as they are covered in clouds. Though increased cloud cover does not lower the estimated 

cloud gap-filling accuracy, it creates some other unforeseen problems. Cloud cover casts 

shadows that are frequently classified as bare ice even though other surfaces properties lie 

underneath (Figure 4.8). It is highly unlikely that some of the pixels that are classified as 

bare ice at the high elevation of the glacier is ice, it is rather misclassified shadows during 

the initial image classification. The misclassification of shadows causes uncertainty for the 

model that wrongly identifies bare ice at such high elevations.  

 

On Langjökull as it is noted that SLE is higher on the north dome than the south dome 

(Pálsson et al., 2020). Therefore, if one dome is completely cloud covered, the model solely 

relies on the other dome for training data. To combat this, the domes would need to be 

separated and a model trained for each of the dome but due to a lack of time that was not 

achieved. Lastly, it is worth noting that the elevation data used in the study is from 2016 and 

during the study period the glacier has had negative mass balance and was decreasing in 

elevation and the elevation data might therefore be too high (Aðalgeirsdóttir et al., 2020; 

LMÍ, 2016).  

 

Due to the high cloud gap filling accuracy and the increased number of data points after the 

cloud gap-filling, the method is deemed successful. Figure 4.9 shows examples of a final 

classified and cloud-gap filled images. It is noted that the classifier seems to overestimate 

the snow cover area, at least on the classified image from the 1st of July 2019. Manual 

observations following the cloud gap-filling reveals classification errors likely due to 

inaccuracies during the initial classification of the images, such as cloud shadows classified 

as ice. These errors are found on 6 images which are subsequently excluded from the final 

results. The cloud gap-filling provides data from 29 additional images that contribute to 

record the glacier surface evolution during the melt season.  

Figure 4.8: Example of a failed results from the 7th of July 2019 using the final 

classifier. The image to the left is a Sentinel- 2 true color image, the middle a classified 

image and to the right, a cloud gap-filled classified image.  

 

  



29 

 

 

 

 

 

 

 

 

Figure 4.9: Examples of results from image classification and cloud gap-filling. First image 

to the left is a Sentinel-2 true color image, the middle the classified image, the ones on the 

right are the finished classified and cloud gap-filled images. 

01.07.2019 

22.09.2018 

10.07.2020 
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4.6 Snow cover extent 

Out of the total 78 images initially obtained, 66 result in a successful classification and out 

of those, 60 result in a successful classification and cloud gap-filling. The classification 

procedure reveals glacier surface evolution over the melt season i.e., the spatial and temporal 

changes of bare ice, snow, and debris/land. Manual observations of the results confirms that 

18 of the initial images are unsuccessful for various reasons such as excessive cloud cover, 

sun casted shadows, errors during cloud gap-filling or the initial data is not of good quality. 

If any of the four glaciers is completely cloud covered, it is removed, and the rest of the 

image classified and cloud gap-filled if needed. What follows are classification results from 

the 60 successful images. 

Figure 4.10 shows how the snow cover evolves on each glacier and year. Snowline migration 

starts in late May 2019 while in 2016, 2017, 2018 and 2020 it started later, in the beginning 

of June. The highest snow line elevation was observed in early September in 2018, late 

August in 2017 and 2020, and in September in 2019. Each glacier experienced snowline 

migration and all glaciers lost 30% or more of their surface snow cover by area. In 2016 

there were only 5 available images from the entire summer, mainly from the beginning of 

the melt season. The second Sentinel-2 satellite (S2B) had not been launched so the temporal 

resolution was lower resulting in fewer available images (Sentinel-2 User Handbook, 2020). 

It is therefore not possible to determine spatial and temporal evolution of the snow cover in 

year 2016.  

It has been noted that in 2019 there were frequent dust storms that made the glaciers dirtier 

than compared to the other years resulting in an especially negative mass balance (bn = -2.23 

m w.e.) (Gunnarsson et al., 2021; Pálsson et al., 2020). The consequences of this negative 

mass balance year are clearly observed in the results, the snowline migration happens much 

earlier in 2019 than compared to the other years. The smallest snow cover by area and highest 

snowline elevation overall is also in 2019 for all of the four glaciers, on average only 32% 

of the total glacier area is snow covered at the end of the melt season. For 2019 there was an 

impulse to lengthen the study period to October as it would include the period when the 

glacier was again snow covered. In October 2019 there are no images that fit the criteria of 

a less than 35% cloud cover so it could not be achieved. In 2019, the melt season lasted from 

May to late September, yet it does not cover the entire period when bare ice is exposed. 

These results could indicate that the melt season is getting longer yielding an increase in bare 

ice exposure or that 2019 is simply an anomaly.  
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Figure 4.10: Snowcover as proportion of total glacier area during the melt seasons 2016-

2020 for each glacier.  
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4.7 Comparison of classification results with 

other data 

Each year mass balance measurements are conducted at 25 survey sites on Langjökull. They 

are located so they describe the glaciers spatial variability along a number of approximate 

flow lines that cover the elevation range of Langjökull (Figure 4.11) (Pálsson et al., 2012; 

Pálsson et al., 2020). The results from the surface property classification are compared to 

records of equilibrium line altitude (ELA), accumulation area ratio (AAR), and net mass 

balance records (bn) from Pálsson et al. (2020). Additionally, for each of the survey site the 

pixel that contains it is extracted and the timing of ice exposure and compared to bn to further 

assess the utilization of the results. This estimation of snow free days assumes that between 

dates of bare ice exposure at survey sites, no snowfall occurs that covers the ice. Only data 

from Langjökull is used, as there is no data on the smaller surrounding glaciers, and data 

from year 2016 is excluded because of a lack of data at the end of the melt season.   

Figure 4.11: Locations of Langjökull's survey sites where ablation 

measurements are conducted each year (Pálsson et al., 2020). 
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The classification derived AAR and AAR derived from surface mass balance measurements 

(SMB) from Pálsson et al. (2020) is plotted against bn (Figure 4.12).AAR is the ratio between 

the glacier’s accumulation area and its total area. The glacier’s total area is based on glacier 

outlines from Hannesdóttir et al. (2020) and the accumulation area is calculated from the 

classified image with the highest average SLE each year. The classification derived AAR is 

similar in value as the SMB derived AAR in 2017, 2018 and 2020 with the classification 

derived AAR an average 3% lower. As the three years exhibit the similar difference it can 

be assumed that the classifier is likely overestimating the snow cover. In 2019, the 

classification derived AAR is on the other hand 12% higher than the SMB derived AAR 

which is a larger difference and in the other direction than in the other years. This large 

difference is likely due to scarce data points in late summer explaining some of the 

discrepancy between the SMB and classification derived AAR. This scarce data is the result 

of cloud cover which is the main limitation of this study.  

The average classification derived SLE and observed ELA (Pálsson et al, 2020) for both of 

Langjökull domes are plotted against bn (Figure 4.13). Elevation data used for calculation 

came from the National Land Survey of Iceland (LMÍ, 2016). ELA and snowline can be 

plotted together for comparison as they are thought to lie close to each other at the end of 

the melt season (Rabatel et al., 2012). In Langjökull’s North dome the classification derived 

SLE is lower than observed ELA in 2017, 2019 and 2018 while in 2020 their values are 

similar. In Langjökull’s South dome the classification derived SLE is higher than observed 

ELA in 2017, 2018 and 2020 while in 2019 their values are the similar. This discrepancy 

between observed ELA and the classification derived SLE could be explained as the 

classified images in the study are not necessarily representing the end of melt season. It also 

must be noted that the elevation data is from 2016 and as previously stated the glacier has 

lowered since then. Another plausible reason is that since 2016 when the elevation data used 

is from, the north dome got smaller while the south dome larger. 

Figure 4.12: The classification derived AAR 

(squares) and the SMB derived AAR 

(circles, Pálsson, 2020) plotted against bn. 
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Figure 4.13: Snowline elevation from the 

classification (squares) and observed ELA 

(circles, Pálsson, 2020) plotted against bn. 
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The correlation coefficient between bn and the number of snow free days at each survey 

station on Langjökull is 0.83 (Figure 4.14).  This high correlation coefficient indicates that 

the mass balance could be roughly estimated from the number of snow free days, given the 

knowledge received from past mass balance measurements. Notably there is connection 

between the stations that are snow-covered during the entire study period and a positive bn. 

The correlation between the number of snow free days and bn is not surprising as it has been 

noted there is more absorption of shortwave energy on bare ice than on a snow-covered 

surface resulting in increased surface melt (Benn & Evans, 2010; Gardner & Sharp, 2010). 

All in all, the results from this study are comparable to other data (bn, AAR and ELA) as 

they show similar results. The outdated elevation data and lack of images exactly at the end 

of melt season can skew the results to some degree as is visible here. 

  

Figure 4.14: For each year and survey station on Langjökull an estimation was made of 

snow free dates which was then plotted against its mass balance measurements (bn).  
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5 Conclusion and future work 

This study investigates the possibility of utilizing remote sensing for large-scale glacial 

surface monitoring. Here it is demonstrated that this could be a viable possibility through 

free available data and open-source software. Each of the objectives of this study are 

discussed here below.  

In this study, ice and debris/land are mapped in 2016 to 2020 during  May to September on 

the Langjökull glacial group. Classification on other surface properties such as water and 

fresh and dirty snow are deemed unsuccessful. Each glacier experiences a snowline 

migration during the study period and all glaciers lost 30% or more of their surface snow 

cover by area. A longer study period is needed to make further conclusions about any long-

term surface trends as numerous factors affect the glacial surface properties such as 

temperature, precipitation, and impurities that vary year to year. In this study a longer study 

period is not possible as Sentinel-2 images are only available from 2016. Atmospheric 

conditions such as cloud cover limit the number of dates available for analysis. The cloud 

gap-filling used here proved beneficial as it added data to the results while it could be further 

improved by including more input data for the model to make predictions. The results from 

this study compare well with bn, SMB derived AAR and ELA as they show similar values 

as the results. The correlation between snow free days and bn is high meaning bn could be 

derived from satellite images along with traditional measurements with a decreased number 

of survey sites. The correlation would need to be larger in order to solely rely on the method 

applied in this study.  

Multispectral images captured by passive sensors aboard satellites have their limitations such 

a cloud cover that make data scarce. This method can add to our understanding of glacial 

surface changes but as of now it cannot be our sole source of information.  

5.1 Future work 

Several different aspects of the method used in this study are still left to be explored, mainly 

due to lack of time. This thesis could only scratch the surface of the many possibilities of 

remote sensing for monitoring glacial surface changes. Here only a few glaciers were 

studied, and the study period is short. The aspects that could be further explored are for 

example:   

1. Including training data from multiple images rather than just the one image as it 

proved to be a limiting factor of this study. This could make the classifier more 

accurate but the initial creation of the classifier more time-consuming.  

2. Including more glaciers in the study to see if all the glacial surfaces properties evolve 

similarly as well as expanding the study’s usage.  

3. Expanding the study period to further explore if  evolution of the surface properties 

are changing over time. This would exclude Sentinel-2 from the study as it is only 

available from 2016.  

4. During cloud gap-filling, more variables could be included in addition to elevation 

e.g., distance from the sea. Cloud shadows could be detected by classifying them 

separately or removing the pixels adjacent to clouds. This could increase the cloud 

gap-filling accuracy as misclassified cloud shadows was proven to be the main error.  
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Appendix A 

Appendix A includes all images used in the study and their acquisition date.  

Table A 1: All images used in the study and their acquisition date.  

Date Image ID 

7.5.2016 S2A_MSIL1C_20160507T125312_N0202_R138_T27WWM_20160507T125307 

6.6.2016 S2A_MSIL1C_20160606T125312_N0202_R138_T27WWM_20160606T125306 

22.6.2016 S2A_MSIL1C_20160622T131302_N0204_R081_T27WWM_20160622T131258 

6.7.2016 S2A_MSIL1C_20160706T125302_N0204_R138_T27WWM_20160706T125304 

27.9.2016 S2A_MSIL1C_20160927T130252_N0204_R038_T27WWM_20160927T130254 

11.6.2017 S2A_MSIL2A_20170611T125301_N0205_R138_T27WWM_20170611T125303 

9.7.2017 S2B_MSIL1C_20170709T130259_N0205_R038_T27WWM_20170709T130259 

11.7.2017 S2A_MSIL2A_20170711T125301_N0205_R138_T27WWM_20170711T125302 

26.7.2017 S2B_MSIL1C_20170726T125259_N0205_R138_T27WWM_20170726T125301 

27.7.2017 S2A_MSIL2A_20170727T131301_N0205_R081_T27WWM_20170727T131259 

31.7.2017 S2A_MSIL2A_20170731T125301_N0205_R138_T27WWM_20170731T125303 

20.8.2017 S2A_MSIL2A_20170820T125301_N0205_R138_T27WWM_20170820T125303 

30.8.2017 S2A_MSIL2A_20170830T125301_N0205_R138_T27WWM_20170830T125302 

2.5.2018 S2B_MSIL2A_20180502T125259_N0207_R138_T27WWM_20180502T130257 

12.5.2018 S2B_MSIL2A_20180512T125259_N0207_R138_T27WWM_20180512T182620 

13.5.2018 S2A_MSIL2A_20180513T131301_N0207_R081_T27WWM_20180513T164815 

25.5.2018 S2B_MSIL2A_20180525T130259_N0208_R038_T27WWM_20180525T142635 

4.6.2018 S2B_MSIL2A_20180604T130259_N0208_R038_T27WWM_20180604T191030 

6.6.2018 S2A_MSIL2A_20180606T125301_N0208_R138_T27WWM_20180606T190347 

17.7.2018 S2B_MSIL2A_20180717T131259_N0208_R081_T27WWM_20180717T184537 

6.8.2018 S2B_MSIL1C_20180806T131259_N0206_R081_T27WWM_20180806T171112 

11.8.2018 S2A_MSIL2A_20180811T131301_N0208_R081_T27WWM_20180813T12135 

18.8.2018 S2A_MSIL2A_20180818T130301_N0208_R038_T27WWM_20180818T145545 
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25.8.2018 S2A_MSIL2A_20180825T125301_N0208_R138_T27WWM_20180825T145620 

26.8.2018 S2B_MSIL2A_20180826T131249_N0208_R081_T27WWM_20180826T174544 

5.9.2018 S2B_MSIL1C_20180905T131249_N0206_R081_T27WWM_20180905T183417 

9.9.2018 S2B_MSIL2A_20180909T125249_N0208_R138_T27WWM_20180909T171227 

14.9.2018 S2A_MSIL2A_20180914T125301_N0208_R138_T27WWM_20180914T153126 

17.9.2018 S2A_MSIL2A_20180917T130301_N0208_R038_T27WWM_20180917T135636 

22.9.2018 S2B_MSIL2A_20180922T130249_N0208_R038_T27WWM_20180922T171521 

25.9.2018 S2B_MSIL2A_20180925T131249_N0208_R081_T27WWM_20180925T173523 

29.9.2018 S2B_MSIL2A_20180929T125259_N0208_R138_T27WWM_20180929T182047 

3.5.2019 S2B_MSIL2A_20190503T131309_N0211_R081_T27WWM_20190503T152502 

10.5.2019 S2B_MSIL2A_20190510T130309_N0212_R038_T27WWM_20190510T142333 

23.5.2019 S2B_MSIL2A_20190523T131309_N0212_R081_T27WWM_20190523T134510 

25.5.2019 S2A_MSIL2A_20190525T130301_N0212_R038_T27WWM_20190525T142208 

27.5.2019 S2B_MSIL2A_20190527T125309_N0212_R138_T27WWM_20190527T141007 

30.5.2019 S2B_MSIL2A_20190530T130309_N0212_R038_T27WWM_20190530T134424 

1.6.2019 S2A_MSIL2A_20190601T125301_N0212_R138_T27WWM_20190601T135230 

2.6.2019 S2B_MSIL2A_20190602T131309_N0212_R081_T27WWM_20190602T152253 

6.6.2019 S2B_MSIL2A_20190606T125309_N0212_R138_T27WWM_20190606T133150 

7.6.2019 S2A_MSIL2A_20190607T131301_N0212_R081_T27WWM_20190607T134950 

9.6.2019 S2B_MSIL2A_20190609T130309_N0212_R038_T27WWM_20190609T151547 

11.6.2019 S2A_MSIL2A_20190611T125311_N0212_R138_T27WWM_20190611T150829 

14.6.2019 S2A_MSIL2A_20190614T130301_N0212_R038_T27WWM_20190614T134021 

1.7.2019 S2A_MSIL2A_20190701T125311_N0212_R138_T27WWM_20190701T134912 

6.7.2019 S2B_MSIL2A_20190706T125309_N0212_R138_T27WWM_20190706T133115 

7.7.2019 S2A_MSIL2A_20190707T131301_N0212_R081_T27WWM_20190707T134957 

31.7.2019 S2A_MSIL2A_20190731T125311_N0213_R138_T27WWM_20190731T151947 

1.8.2019 S2B_MSIL2A_20190801T131309_N0213_R081_T27WWM_20190801T152253 

5.8.2019 S2B_MSIL2A_20190805T125309_N0213_R138_T27WWM_20190805T133258 
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6.8.2019 S2A_MSIL2A_20190806T131301_N0213_R081_T27WWM_20190806T135200 

8.8.2019 S2B_MSIL2A_20190808T130309_N0213_R038_T27WWM_20190808T152300 

10.8.2019 S2A_MSIL2A_20190810T125311_N0213_R138_T27WWM_20190810T150952 

2.9.2019 S2A_MSIL2A_20190902T130301_N0213_R038_T27WWM_20190902T141506 

9.9.2019 S2A_MSIL2A_20190909T125301_N0213_R138_T27WWM_20190909T151952 

29.9.2019 S2A_MSIL2A_20190929T125301_N0213_R138_T27WWM_20190929T132835 

30.9.2019 S2B_MSIL2A_20190930T131259_N0213_R081_T27WWM_20190930T152954 

27.10.2019 S2B_MSIL2A_20191027T130259_N0213_R038_T27WWM_20191027T133935 

9.5.2020 S2A_MSIL2A_20200509T130301_N0214_R038_T27WWM_20200509T134044 

16.5.2020 S2A_MSIL2A_20200516T125311_N0214_R138_T27WWM_20200516T141418 

5.6.2020 S2A_MSIL2A_20200605T125311_N0214_R138_T27WWM_20200605T140954 

10.6.2020 S2B_MSIL2A_20200610T125309_N0214_R138_T27WWM_20200610T142617 

1.7.2020 S2A_MSIL2A_20200701T131301_N0214_R081_T27WWM_20200701T152919 

3.7.2020 S2B_MSIL2A_20200703T130259_N0214_R038_T27WWM_20200703T142324 

5.7.2020 S2A_MSIL2A_20200705T125311_N0214_R138_T27WWM_20200705T135524 

6.7.2020 S2B_MSIL2A_20200706T131259_N0214_R081_T27WWM_20200706T135527 

8.7.2020 S2A_MSIL2A_20200708T130301_N0214_R038_T27WWM_20200708T134053 

10.7.2020 S2B_MSIL2A_20200710T125309_N0214_R138_T27WWM_20200710T141608 

20.7.2020 S2B_MSIL2A_20200720T125309_N0214_R138_T27WWM_20200720T134251 

21.7.2020 S2A_MSIL2A_20200721T131301_N0214_R081_T27WWM_20200721T170807 

28.7.2020 S2A_MSIL2A_20200728T130311_N0214_R038_T27WWM_20200728T140755 

14.8.2020 S2A_MSIL2A_20200814T125311_N0214_R138_T27WWM_20200814T133536 

20.8.2020 S2A_MSIL2A_20200820T131301_N0214_R081_T27WWM_20200820T173250 

22.8.2020 S2B_MSIL2A_20200822T130309_N0214_R038_T27WWM_20200822T140337 

25.8.2020 S2B_MSIL2A_20200825T131259_N0214_R081_T27WWM_20200825T154731 

23.9.2020 S2A_MSIL2A_20200923T125311_N0214_R138_T27WWM_20200923T153949 

24.9.2020 S2B_MSIL2A_20200924T131259_N0214_R081_T27WWM_20200924T153640 
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Appendix B 

Evolution of surface properties for each glacier during the study period.  
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Figure B 1: Evolution of surface properties for all glaciers in 2020, showing all classes. 

Gray is snowcover, blue bare ice and black debris/land. 
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Figure B 2: Evolution of surface properties for all glaciers in 2019, showing all classes. 

Gray is snow-cover, blue bare ice and black debris/land. 
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Figure B 3: Evolution of surface properties for all glaciers in 2018, showing all classes. 

Gray is snow-cover, blue bare ice and black debris/land. 

 

 



50 

 

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100%

Þórisjökull 2017

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100%

Hrútfellsjökull 2017

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100%

Eiríksjökull 2017

Figure B 4: Evolution of surface properties for all glaciers in 2017, showing all classes. 

Gray is snow-cover, blue bare ice and black debris/land. 
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Figure B 5: Evolution of surface properties for all glaciers in 2016, showing all classes. 

Gray is snow-cover, blue bare ice and black debris/land. 
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Appendix C 

Snow cover during the study period as ratio of the glaciers total area for Langjökull, 

Eiríksjökull, Hrútfellsjökull and Þórisjökull. 
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Figure C 1: Snow cover area changes as a ratio of the glaciers total area during the 

study period  
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Figure C 2: Snow cover area changes as a ratio of the glaciers total area during the 

study period. 

 

 


