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Samenvatting

Gletsjers zijn kenmerkend voor het Aziatisch hooggebergte en vormen een belangrijke bron van
water in het benedenstroomse dichtbevolkte gebied. Smeltwater van de gletsjers is met name van
belang nabij de bergen en in gebieden met een relatief droog klimaat, waar het wordt gebruikt
als drinkwater, voor geïrrigeerde landbouw en waterkrachtcentrales. Mogelijke veranderingen
in gletsjers en de hoeveelheid smeltwater als gevolg van klimaatverandering kunnen daarom van
groot belang zijn voor de voedsel en energievoorziening. Om dergelijke veranderingen goed
te kunnen doorgronden en op te vangen, is het nodig om de gletsjerdynamiek in de regio te
begrijpen op zowel kleine als grote schaal.

Een gedeelte van de gletsjers in Azië is bedekt met een laag puin bestaande uit rotsen, stenen
en fijner materiaal. Dergelijke puingletsjers komer hier relatief veel voor, omdat in de jonge,
spitse gebergten veel materiaal kan worden geërodeerd en op het gletsjeroppervlak kan worden
afgezet. Aangezien puingletsjers veel voorkomen, speelt het smeltwater van dit type gletsjer een
belangrijke rol in de rivierafvoeren, zowel nu als in de toekomst. Een puinlaag op een gletsjer
zorgt voor een verandering van de smeltsnelheden van het onderliggende ijs en daarmee zorgt
het tevens voor een andere dynamiek van de gletsjers. Over het algemeen zal een dunne laag
puin zorgen voor een donkerder oppervlak, meer absorptie van zonnestraling en een verhoging
van de smeltsnelheid. Een dikke laag puin daarentegen vormt een isolatielaag voor het glet-
sjerijs en zorgt voor een lagere smeltsnelheid. Ingewikkelde processen aan de oppervlakte van
puingletsjer en verschillende terugkoppelingsmechanismen compliceren echter het ruimtelijke
smeltpatroon. Deze processen zijn nog niet volledig bekend en er is meer onderzoek naar nodig.

Gletsjeronderzoek in deze regio is complex door de slechte toegankelijkheid van de glet-
sjers in de hooggelegen stroomgebieden. Bovendien zorgt de aanwezigheid van een puinlaag
voor verdere complicatie van veldonderzoek. Satellietbeeldanalyses zijn daarom zeer waardevol
gebleken voor de analyse van afgelegen gletsjers. Om kleinschalige smelt- en oppervlaktepro-
cessen op puingletsjers te onderzoeken is de resolutie van de satellietbeelden echter over het
algemeen niet hoog genoeg. Onbemande vliegtuigjes, of unmanned aerial vehicles (UAV’s), kun-
nenworden gebruikt om beeldmateriaal en hoogtemodellen te produceren van hoge ruimtelijke
en temporele resolutie. De ontwikkelingen van de laatste jaren op het gebied van UAV’s zijn
daarom veelbelovend voor puingletsjeronderzoek. In deze dissertatie worden nieuwe inzichten
in dit type gletsjer verkregen door UAV’s te gebruiken om puingletsjers in kaart te brengen.

In dit onderzoek is er voor het eerst een puingletsjer in de Himalaya onderzocht met een
UAV. Hoge resolutie beeldmozaïeken en hoogtemodellen zijn geproduceerd van de ruwe UAV-
gegevens door gebruik te maken van stereo beeldanalyse en het structure-from-motion algoritme.
Deze data is vervolgens gebruikt om hoogteverschillen en oppervlaktestroming van de gletsjer
zeer gedetailleerd in kaart te brengen. De studie toont aan dat er een zeer heterogene smelt is
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op het oppervlak van de puingletsjer en dat het smelten van het ijs aanzienlijk wordt versterkt
door ijskliffen en gletsjermeertjes.

De UAV-metingen zijn ook gebruikt voor het vergelijken van de stroomsnelheden in zomer
en winter van de puingletsjer. Door de horizontale verplaatsing van het oppervlak te kwantifi-
ceren door kruiscorrelatie technieken toe te passen op UAV-beeldmozaïeken zijn oppervlaktes-
nelheden zijn in detail bepaald. De resultaten laten grote verschillen zien tussen de zomen er de
winter. Over het algemeen is de stroomsnelheid van de glestjer laag vergeleken met andere glet-
sjers, maar de snelheid in de zomer is veel hoger dan in de winter, wanneer de gletsjer vrijwel
stagneert.

Een puinlaag veroorzaakt een verandering van de energiebalans van een gletsjeroppervlak.
Meetgegevens van de oppervlaktetemperatuur kunnen daarom belangrijke informatie verschaf-
fen die gebruikt kan worden in energiebalansberekeningen. Dit betreft onder andere de eigen-
schappen van het puin, de effecten hiervan op het onderliggende ijs, en de effecten op de atmos-
feer nabij het oppervlak. In dit onderzoek is er een methode ontwikkeld om oppervlaktetemper-
atuur van een puingletsjer te meten met behulp van een thermische camera. Grote ruimtelijke
en temporele verschillen in temperatuur zijn aanwezig op de gletsjer gevonden en deze zijn
voornamelijk toe te schrijven aan lokale eigenschappen van de puinlaag.

IJskliffen en gletsjermeertjes op puingletsjers zorgen voor een lokaal verhoogde smeltsnelheid.
Om dit process beter ruimtelijk te begrijpen, zijn de UAV-beeldmozaïeken verwerkt met behulp
van een object-gebaseerde beeldanalysetechnieken. Deze methode maakt een geautomatiseerde
detectie van kliffen en meertjes mogelijk alsmede een objectieve en gestructureerde analyse van
hun eigenschappen.

UAV’s zijn vooralsnog inzetbaar voor gebieden van beperkte omvang en leveren beelden van
zeer hoge resolutie. Zij zijn daarom vooral waardevol voor de analyse van kleinschalige pro-
cessen. Om de effecten van puin op de grote schaal te onderzoeken en dit te koppelen aan
mogelijke veranderende temperaturen en neerslag bij toekomstige klimaatverandering zijn de
kleinschalige UAV-bevindingen geïntegreerd in een grootschalig model dat gletsjersmelt in de
21e eeuw simuleert in het Aziatisch hooggebergte. De modelresultaten tonen aan dat zelfs bij
optimistische klimaatscenario’s zeker één derde van het gletsjerijs zal verdwijnen, maar dat re-
alistischere scenario’s zorgen voor een aanmerkelijk hoger verlies van de gletsjerijsmassa. De
aanwezigheid van puinlagen zorgt over het algemeen voor een vertraging van het verlies van
de ijsmassa door de isolerende werking van het puin.

Deze dissertatie toont aan dat kleinschalige oppervlakteprocessen van afgelegen puingletsjers
op een unieke en vernieuwende manier kunnen worden onderzocht met behulp van UAV’s.
Toekomstig onderzoek van deze gletsjers zal toegespitst moeten zijn op het beter begrijpen van
de ruimtelijke variatie in ijssmelt onder de puinlaag. Tevens is het belangrijk de precieze rol die
ijskliffen en gletsjermeertjes spelen te ontrafelen, waarvoor met name meer onderzoek nodig is
naar gletsjerstroming en ijsdynamiek van puingletsjers. Het innovatief combineren van UAV-,
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satelliet- en grondmetingen van gletsjers op verschillende schaalniveaus en integratie van de
metingen in grootschalige modellen zal leiden tot verdere inzichten in de regionale en lokale
verschillen in gletsjersmelt als gevolg van klimaatverandering. Een multidisciplinaire aanpak
waarin bevindingen vanuit de glaciologie, hydrologie en meteorologie worden geïntegreerd
zal uiteindelijk zorgen voor een verdere ontrafeling van de water cyclus van berggebieden. Dit
zal ons helpen de mogelijke effecten van klimaatverandering te begrijpen, zowel in de bergen
als in de benedenstroomse gebieden.





Summary

In the high mountains of Asia valley glaciers are pertinent features and an important water
resource, both locally and downstream. In the vicinity of the mountains and in arid regions,
their melt water can provide a sizeable contribution to stream flow and is of importance for
cropland irrigation, drinking water and hydropower. Under future climate change, glacier melt
water supply may change as glaciers will continue to lose mass because of rising temperatures.
To better understand how this part of the future water balance will change, it is important to
improve our knowledge of glacier dynamics from small to large scale.

A fraction of the glaciers is covered by a layer of debris that consists of dust, rocks and boul-
ders. These debris-covered glaciers are relatively abundant in Asia, because the young and steep
mountain ranges provide a large amount of erodible material. They are therefore important
for the long-term glacier melt water supply to the rivers in the region. The glaciers have dy-
namics different than debris-free glaciers, because the debris layer alters surface melt rates. In
general, thin debris layers enhance melt while thick layers insulate the ice and reduce melt, but
the complex processes involved and their interplay are poorly understood and require further
research.

The glaciers in the region are generally difficult to study due to their inaccessibility. Debris-
covered glaciers have particularly been understudied, partly due to the complications the debris
layer imposes on fieldwork. Satellite remote sensing enables analyses of remote debris-covered
glaciers, but spatial resolution is generally too limited for detailed analysis of the small-scale ef-
fects of the debris layer on local ice melt. Recent advances in unmanned aerial vehicle (UAV)
technology offer a promising complimentary observation method, since UAVs enable on de-
mand acquisition of imagery and elevation data at very high spatial and temporal detail. In this
thesis, our understanding of debris-covered glaciers and their surface processes is improved by
exploring the value of UAVs in the research of these glaciers.

For the first time, a debris-covered glacier in the Himalaya is monitored by a UAV before
and after the melt season. Based on stereo-imaging and the Structure-from-Motion algorithm,
highly detailed orthomosaics and digital elevation models (DEMs) are derived and used to de-
termine elevation changes and surface flow in unprecedented detail. It is shown that the surface
of the glacier experiences highly heterogenous mass wasting and that ice melt is considerably
higher near ice cliffs and supraglacial ponds.

Continued UAV surveys enable a comparison of summer and winter surface velocities of the
debris-covered glacier. The seasonal surface velocities are derived by exploring the potential of
frequency cross-correlation techniques for the high-resolution UAV imagery. Large differences
are shown to exist between the two seasons, with limited flow during summer and practically

5



6

stagnant ice in winter.

Supraglacial debris significantly alters the surface energy balance of a glacier. Data on spatially
distributed debris surface temperature can provide important information on the properties of
the debris, its effects on the ice below and its influence on the near-surface boundary layer.
Therefore, a methodology is presented to acquire corrected surface temperaturemaps of a debris-
covered glacier from a UAV equipped with a thermal infrared camera.

Ice cliffs and supraglacial ponds on debris-covered glaciers were shown to cause highly het-
erogenous surface melt. To improve understanding of these surface features an object-based
image analysis procedure is presented that enables their automated delineation, which allows for
objective analysis of ice cliff characteristics and spatial distribution.

UAV data primarily provides data on the small to moderate scale. To understand the effects of
climate change and debris-covered glaciers on the large scale, the UAV findings are incorporated
in a large-scale model that assesses transient glacier mass loss over the 21st century. It is shown
that even if climate change is limited over one third of the current glacier mass will disappear
by the end of the century, and that more severe mass losses are more likely. Supraglacial debris
is shown to be able to provide considerable retention of glacier mass in Asia.

This thesis demonstrates that UAVs are a unique means to study small scale surface processes
on remote debris-covered glaciers. Future research on debris-covered glaciers should focus on
the causes of spatially variable surface melt by linking UAV data, ground-based measurements
and process-based modelling. Moreover, to fully understand thinning of debris-covered glaciers
and its relation with enhanced ablation at ice cliffs and supraglacial ponds more research is re-
quired of debris-covered glacier ice flow dynamics. Further improvement to our understanding
of regional and local response of glaciers will be achieved by large-scale model approaches that
combine UAV, ground-based and satellite data at multiple scales in innovative ways. Multidis-
ciplinary studies that integrate findings over a broad spectrum, bringing together meteorology,
glaciology and hydrology, will ultimately allow us to understand the entire mountain water
cycle and current and future impacts of climate change.



1
Introduction

1.1 Glaciers and their importance

Valley glaciers are distinct features that form in mountain regions where at high elevation snow
accumulations do not melt completely and are compressed into ice. The balance between total
annual snowfall and ablation determines whether a glacier gains ice mass, losses ice mass or is
stable, i.e. the annual glacier mass balance. Given a stable temperature, an increase/decrease in
precipitation will cause a glacier to gain/lose mass and grow/retreat. On the other hand, given
stable precipitation, a increase/decrease in temperature will cause a glacier to lose/gain mass
(Cuffey & Paterson, 2010; van der Veen, 2013).

Although the glacier mass balance varies from year to year with variations in atmospheric
conditions, glaciers have resilience to short term variability in weather and climate, as their size
and relatively slow dynamics provide a degree of inertia. On the other hand, small changes
in the climate at longer time scales are clearly reflected by glaciers. Such changes disrupt the
equilibrium between snow accumulation and ice ablation leading to advance and thickening
or retreat and thinning of glacier tongues. Glaciers therefore provide an indication of the state
of the climate and a way to monitor changes to our climate that is unobscured by interannual
variability (Shrestha, 2011). Mountain glaciers exist on nearly every continent on the planet
(Pfeffer et al., 2014). The response of glaciers in different regions can therefore also provide an
indication of spatial variations in long-term climate change.

Precipitation stored as snow and ice is released during the summer melt season on a range
of time scales. From long-term releases on the century scale to seasonal fluctuations or even
singular releases such as outburst floods (Jansson et al., 2003). The melt water released can be
of importance for a wide range of uses, such as cropland irrigation, drinking water production
and hydroelectric power. It is also plays a role in mineral and sediment transport, and sea level
changes (Benn & Evans, 2010; Larour et al., 2017). Since glaciers regulate the seasonal water
availability and provide a source of melt water during dry seasons (Marzeion et al., 2014), cli-
mate perturbations that have an impact on glaciers can have considerable impacts on human
livelihoods, for instance by affecting food and power security (Immerzeel et al., 2010).

Since the start of the industrial era, average global temperatures have increased by 1.1±0.1 ◦C
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(WMO, 2018). In response, most of the glaciers on earth have been retreating and losing mass,
as evidenced from field and satellite observations (e.g. Bhambri et al., 2011; Bolch et al., 2012;
Cogley, 2016; Dyurgerov &Meier, 2005; Francou & Coudrain, 2005; Gardner et al., 2013; Hae-
berli et al., 1999; Kääb et al., 2012; Oerlemans, 1994; Singh et al., 2011; Zemp et al., 2009), and
from glacier modelling studies (e.g. Huss & Hock, 2018; Marzeion et al., 2014; Radic et al., 2014).
It has also been shown that 69±24% of the glacier mass loss between 1991–2010 had an anthro-
pogenic cause (Marzeion et al., 2014). Enhanced climate warming is expected to occur over the
21st century and water demand will increase under the world’s rising population (IPCC, 2014).
Climate warming will cause accelerated glacier mass loss and possibly increased glacier melt
water runoff in certain regions in the coming decades (Huss & Hock, 2018; Shea et al., 2015).
Towards the end of the 21st century, however, the gradual reduction in glacier area and volume
will result in decreased ice melt contributions to river discharge (Immerzeel et al., 2013).

1.2 Climate, hydrology and glaciers in Asia

HighMountain Asia (HMA) is a large, elevated region that includes numerous mountain ranges
such as the Himalaya, Hindu Kush, Karakoram, Pamir and Tien Shan. It is the result of oroge-
nesis caused by tectonic collision of the Indian Plate and the Eurasian Plate that started about
35–55 million years ago, and continues to date (Aitchison et al., 2008). The mountain ranges of
HMA surround the Tibetan Plateau, which is the largest and highest plateau on earth with an
average elevation that exceeds 4500m (Figure 1.1).

1.2.1 Climate

Strong climatic contrasts exist in the region because of the large range in elevation and the
presence of complex climatic systems (e.g. Dobreva et al., 2017). During the Indian Monsoon
(June–September), warm humid air that originates from the Indian Ocean is transported north-
wards and forced to rise because of the presence of the central and eastern Himalaya (Galewsky,
2009). This results in strong adiabatic cooling, i.e. reduction of temperature of an air parcel due
to a decrease of atmospheric pressure, which forces the water to precipitate. Consequently, the
southern slopes of the Himalaya and its foothills are generally moist. Its effect even results in
the wettest location on earth, with locally over 11000mm of rainfall in Meghalaya, East India.
On the northern, leeward side of the Himalayan range, the resulting rain shadow causes the
Tibetan Plateau to be arid and bare, with only about 200mm of precipitation (Maussion et al.,
2014). North of the plateau the rain shadow effect is even more pronounced, where in the Tak-
lamakan and Gobi deserts there is <50mm precipitation annually (Bothe et al., 2012). To the
west and south-west of HMA lands are arid as well (e.g. Afghanistan, Pakistan and west India),
which is largely due to the absence of the monsoon. There, precipitation occurs throughout the
year (Bookhagen & Burbank, 2010), although predominantly brought byWesterly disturbances
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during winter (Cannon et al., 2016; Lang & Barros, 2004).

1.2.2 Hydrology

HMA forms the headwaters of almost all major rivers in Asia, such as the Ganges, Brahmaputra
and the Indus (Figure 1.1), and as such plays an important role in the water cycle in Asia. Ap-
proximately 60% of the world’s population lives in Asia and a large fraction of it inhabits these
river basins, and directly or indirectly uses the river water. The water in the rivers comes from
precipitation, snow melt, glacier melt and groundwater, which are all released on different time
scales. Moreover, a strong spatial and temporal variation in these stream flow components is
found over the region, because of the strong climatic contrasts (Lutz et al., 2014). Liquid precip-
itation that is transported directly by the rivers is especially important in the central and eastern
Himalaya, which is dominated by the monsoon. It can also infiltrate to become groundwater,
which is released more gradually and provides an important base stream flow (Andermann et al.,
2012). Solid precipitation can form seasonal snow packs that contribute to spring discharge in
the western regions of HMA. At higher elevations, the solid precipitation can feed perennial
snow masses or provide accumulation for glaciers. Similar to the melt of seasonal snow, glacier
melt is especially important in the arid regions. Close to the mountains, where the contribution
of rainfall to the stream flow is still limited, glacier melt water can be a considerable fraction of
the stream flow (Lutz et al., 2014).

1.2.3 Glaciers

The extreme elevation in HMA results in the presence of 9.8×104 km of glacierized area in its
mountain ranges (Pfeffer et al., 2014) and a vast area of 1.06×106 km with permafrost on the
Tibetan Plateau (Zou et al., 2017), in spite of being located at subtropical latitudes. Besides the
two poles, this region has the largest ice reserve in the world and is therefore often referred to
as the ’Third Pole’ (Yao et al., 2012b). Glaciers are predominantly present on the south-western,
western, and north-western rim of the Tibetan Plateau in the Himalaya, Karakoram, Pamir and
Tien Shan. A more limited glacier presence is found on the Tibetan Plateau itself and to its north
and east (Figure 1.1).

Over the last decades glaciological research in HMA has increased. Field studies are scarce,
however, largely caused by difficulties that are related with physical access to the glaciers in this
region. Glaciers are often very remote and infrastructure is generally poorly developed in this
region, requiring long expeditions to reach the glaciers that are secluded high in the mountains.
Moreover, (geo)politics can complicate the field campaigns and the acquisition of research per-
mits (Bolch et al., 2012). In the last decade, however, it has become increasingly evident that
our understanding of the glaciers and their dynamics is important in order to understand future
changes to the water cycle in this densely populated part of the world (IPCC, 2014). Hence,
in recent years, research of the HMA cryosphere has increased. More and more glacier mass
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balance studies have been performed at high-altitude remote study sites (Cogley, 2016). Fur-
thermore, advances in satellite remote sensing over the last decade and ever increasing length of
the satellite data record have enabled large-scale studies of the remote Asian glaciers (e.g. Bolch
et al., 2012; Brun et al., 2017; Farinotti et al., 2015; Gardelle et al., 2013; Gardner et al., 2013;
Kääb et al., 2012, 2015; Scherler et al., 2011).

The ground-based and satellite studies have revealed that, similar as to elsewhere in the world,
glaciers in HMA are generally losingmass as a result of the largely anthropogenic climate change
(Marzeion et al., 2014). In contrast, glaciers in the Karakoram range were found to be stable or
slightly increasing in mass, a phenomenon that is called the ’Karakoram anomaly’ (Hewitt, 2005).
Recent satellite-based studies partly confirm this (Brun et al., 2017; Gardelle et al., 2013; Kääb
et al., 2015) and expand the anomalous region to include the eastern Pamir and the Kunlun
Shan. The recent study by Brun et al. (2017), who used thousands of images from the Ad-
vanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) to construct digital
elevation models (DEMs) using photogrammetry, has shown that glaciers in the Karakoram
and Pamir are largely stable with mass balances of−0.03±0.07 and−0.08±0.07m w.e. a−1 (m
water equivalent per year), respectively (Figure 1.2). In Kunlun Shan, glaciers were found to
be actually gaining mass with a mass balance of 0.14±0.08m w.e. a−1. A clear explanation for
the existence of the anomaly is yet absent. Although it was suggested that differences in mass-
balance sensitivity of the glaciers have more explanatory power than regional differences in
climate change (Sakai & Fujita, 2017), several climatic explanations for the anomalous behaviour
of glaciers in these regions have been proposed. These include changes in the intensity of the
westerly jet (Forsythe et al., 2017), distinctly different seasonal cycles (Kapnick et al., 2014), and
the intensified irrigation in the Tarim basin (de Kok et al., 2018). The entire Himalaya, stretch-
ing from west to east, as well as the Tien Shan, exhibit considerable glacier mass losses of about
−0.30m w.e. a−1. Most severe mass losses were found in Bhutan and in the Nyainqentanglha
Range, both located in the far east of the Great Himalayan Range (Brun et al., 2017).

Besides the Karakoram anomaly, the spatial variability of glacier responses to past climate
change in HMA is also poorly understood. The climate systems and extreme topography in
HMA result in multiple complex regional and local effects and feedbacks. For example, cli-
mate warming in the mountains is a non-linear process as elevation dependent warming occurs
through various processes, e.g. changes in condensation level, albedo and aerosols (Pepin et al.,
2015). Also, precipitation can change non-linearly with changes in extreme events and shifts
in seasonality of snow (Smith & Bookhagen, 2018). To gain more insights into future glacier
response to climatic change, these effects in combination with specific glacier dynamics need
too be better understood. It is therefore important to acquire more and new climate and glacier
data, and incorporate these into novel models to predict future changes.
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1.3 Debris-covered glaciers

1.3.1 Occurence and formation

Some valley glaciers have (parts of ) their ablation area covered by a layer of rock debris (Fig-
ure 1.3), and are classified as debris-covered glaciers (Kirkbride, 2011). This type of glacier
occurs in various mountain ranges around the world, for instance in the Alps, the Andes and the
Caucasus. They are especially well-developed in HMA, as the exceptionally steep and young
mountains provide ample material that can be deposited on the glaciers. It is estimated that
approximately 10% of the total glacierized area in the region is affected by such a debris layer
(Bolch et al., 2012), but variations in debris thickness complicate exact area estimations (Sasaki
et al., 2016). The debris generally occurs only on the lower tongue, i.e. in the ablation zone, and
thickens down-glacier with typical thicknesses of a few cm to about 3m (Gibson et al., 2017;
Rounce &McKinney, 2014). It is composed of a mixture of weathered material of different sizes,
which can range from glacial silt to smaller rocks to boulders of 10m (Hambrey et al., 2009).

The debris layer is formed by different erosion and deposition processes. Rockfall from glacier
headwalls can be deposited on the ice, and transported englacially along the glacier flow lines
to the ablation zone where it resurfaces as the ice emerges and melts (Figure 1.4) (Anderson &
Anderson, 2016; Evatt et al., 2015; Stokes et al., 2007). Fine material may also be embedded in
the ice by aeolian deposition. Through abrasion of bed material by the glacier itself, rocks can
be entrained in the ice and reach the glacier surface further down. Thinning of debris-covered
glaciers and the exposure of elevated, erodible lateral moraines (Benn et al., 2012) provide another
source of supraglacial debris (Nakawo et al., 1986).

1.3.2 Consequences for ice melt

The presence of a debris layer on a glacier strongly alters its surface dynamics by modifying
the energy exchange between the atmosphere and the ice. It decreases the surface albedo from
approximately 0.20–0.50 to 0.05–0.15 (Brock et al., 2000; Nicholson & Benn, 2006), and thus
increases absorption of solar radiation. Presence of a thin layer of debris can therefore enhance ice
melt. A thick layer, on the other hand, can strongly reduce the melt rate despite the lower albedo,
as the low rate of conductive heat transfer within the debris provides considerable insulation to
sub-debris ice (Mattson et al., 1993; Nicholson & Benn, 2006; Østrem, 1959; Reznichenko et al.,
2010). A number of measurements of glacier ablation at varying debris thickness are shown in
Figure 1.5. The curves of ice ablation against debris thickness are referred to as the so called
Østrem curves. Debris layers less then 3–5 cm thick enhance melt, while thicker layers insulate
the ice below. At approximately 50 cm the transfer of solar radiation energy through the debris to
the ice reaches a minimal level and a thicker debris layer will not offer much increased insulation
(Nicholson & Benn, 2006).
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Figure 1.3: Photograph of the debris-covered surface of Ngozumpa Glacier, Everest Region, Nepal. The picture shows an
example of the hummocky surface of a debris-covered glacier and typical surface features such as ice cliffs and (frozen over)
supraglacial ponds (© Petr Melssner, CC BY 2.0 license).

Figure 1.4: Schematic representation of a debris-covered glacier and the different sources of supraglacial debris: deposition
from the headwalls, aeolian deposition, abrasion from the bed, and deposition from the lateral moraines (Evatt et al., 2015).
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The presence of debris also has a number of effects on the surface energy balance. For in-
stance, debris (1) affects the longwave radiation budget (Steiner et al., 2015) and influences the
temperature of the atmospheric boundary layer and surrounding debris; (2) affects the turbulent
sensible and latent heat fluxes by changing the aerodynamic roughness of the surface (Miles et al.,
2017b); (3) alters air temperature lapse rates over the glacier surface (Shaw et al., 2016; Steiner
& Pellicciotti, 2016); (4) can contain moisture, which alters its physical properties and changes
the heat conduction through the debris (Collier et al., 2014); and (5) can have a spatially variable
pore space, which affects evaporation and the energy available for ice melt (Evatt et al., 2015).
Although these processes have been identified, not all are fully understood and their interplay
and feedbacks are complex.

Since supraglacial debris has a strong control on ice ablation, the spatial distribution of debris,
its thickness and its properties are obviously important for the melt dynamics of debris-covered
tongues. In contrast to debris-free glaciers, the surface of the ablation area of debris-covered
glaciers is often typically hummocky, i.e. consisting of debris mounds, crests and depressions
(Figure 1.3), as patches of thicker and thinner debris result in spatially variable melt rates (Benn
& Owen, 2002). Because of the steep local elevation gradients that can develop in this process
in combination with ice deformation through glacier flow, locally elevated (thick) debris moves
down-slope in a continuous redistribution of the debris. As a result, local melt rates also change
constantly over time.

As a result of the insulating properties of supraglacial debris, debris-covered glaciers gener-
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ally have tongues that extend towards lower, warmer altitudes than debris-free glaciers. Con-
sequently, they terminate in gentle-sloped valleys, are thicker (Cuffey & Paterson, 2010), and
have different area-altitude distributions (hypsometries).

1.3.3 Supraglacial ponds and ice cliffs

Due to the hummocky surface of debris-covered glaciers, supraglacial ponding (Figure 1.3) can
occur in depressions when supraglacial and/or englacial drainage is slow or absent. Ponds are
partially fed by water from the local catchment by supraglacial flow, but also receive water
through englacial conduits (Benn et al., 2012; Miles et al., 2016, 2017a). Especially at the start
of the melt season ponding can be abundant, as englacial drainage channels are still frozen from
winter while surface melt commences (Miles et al., 2017c; Watson et al., 2016b).

Supraglacial ponds enhance ice melt (Sakai et al., 2000). Incoming shortwave and longwave
radiation is absorbed by the open water of supraglacial ponds, and transferred to the ice by
various processes, such as by wind-driven thermo-erosion at the pond shore and by convection
currents (Miles et al., 2016). As a result, one can often find ice cliffs near at the shores of larger
supraglacial ponds (Kirkbride, 1993; Sakai et al., 2002). When ponds drain through the englacial
conduits and cavities, their energy can also contribute to englacial melt and contribute to the
formation of englacial voids (Miles et al., 2017a).

Ice cliffs are steep faces of exposed ice on a debris-covered glacier (Figure 1.3) and three
major processes contribute to their formation. First, the wind-driven erosion at the shores of
supraglacial ponds can result in ice calving and cliff formation. Second, the local surface slope
on the glacier can become steep due to surface melt processes and ice deformation, resulting in
slumping of the debris layer and exposure of the ice below. Third, collapses of englacial voids
can occur and cause a sudden exposure of ice (Benn et al., 2012).

Ice cliffs are hotspots of ablation on debris-covered glaciers, since they are not insulated by the
debris cover. Their surface is often covered by a thin layer of fine debris particles that decreases
their albedo, resulting in absorption of much of the incoming direct and indirect solar radiation.
Moreover, due to the steep slopes and near vertical orientation of the ice cliff faces, they are ex-
posed to considerable amounts of long wave radiation emitted by the warm, surrounding debris
(Sakai et al., 2002; Steiner et al., 2015). As such, ice cliffs on debris-covered glacier tongues con-
tribute disproportionately to the overall melt of the glacier (Buri et al., 2016a; Buri & Pellicciotti,
2018; Pellicciotti et al., 2015; Sakai et al., 2002, 2000) with observed melt rates in the order of
3–10 cmd−1 (Watson et al., 2016a).

1.3.4 Response to climate change

Glacier terminus retreat is a well-known indication of climate change for debris-free glaciers,
and it is observed at many locations around the world (Roe et al., 2017). Debris-covered glaciers,
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on the other hand, exhibit only very limited retreat (Scherler et al., 2011) and their response
to past climate warming has mainly comprised thinning of the tongues (Gardelle et al., 2013).
The presence of a supraglacial debris layer thus alters and complicates the response of a glacier
to climate change. The difference in response is predominantly caused by the down-glacier
thickening of the debris layer, which causes an increase in insulation with a decrease in altitude
(i.e. decrease in temperature). As a result, in spite of the higher temperatures and melt potential
at lower elevation, the ablation rates at the lower reaches of a debris-covered tongue are often
equal to or less than those further up-glacier (Benn & Lehmkuhl, 2000; Hewitt, 2014; Nakawo
et al., 1999). When a debris-covered glacier is forced into disequilibrium by climate warming,
this effect can result in relatively equal thinning rates for the entire ablation zone of a glacier, or
often even faster thinning at higher elevations. Various recent studies have shown the occurrence
of this in detail using satellite-derived elevation models, for example for glaciers in the Central
Himalaya (Ragettli et al., 2016a; Thompson et al., 2016; Watson & King, 2018), West Himalaya
(Vijay & Braun, 2016), and on the South-East Tibetan Plateau (Neckel et al., 2017). Detailed
data about the spatially variable debris and its exact down-glacier thinning are often lacking,
and more research is required. Ultimately, the melt patterns on debris-covered glaciers could
even result in a disconnection of the upper and lower parts of a glacier, such as has occurred for
Lirung Glacier, Nepal (Chapter 2).

Thinning rates of debris-covered and debris-free glaciers at the same elevation were found to
be largely in agreement (e.g. Gardelle et al., 2013; Kääb et al., 2012), which is unexpected due
to the debris insulation. In recent years there has been debate in the glaciological community
about these comparable thinning rates of debris-covered glaciers. Two major suggestions are
presented about the cause of this ’debris-cover anomaly’, i.e. (1) increased melt rates due to the
presence of ice cliffs and supraglacial ponds (Pellicciotti et al., 2015; Thompson et al., 2016), and
(2) lower and/or reducing ice emergence velocities for debris-covered glaciers (Brun et al., 2018;
Vincent et al., 2016). The debate is complicated, however, by the variable thinning of (debris-
covered) glaciers with similar climatological forcing, which may be caused by differences in
specific local topography and morphology (Salerno et al., 2017), and the general lack of data for
glaciers in the region.

1.4 Unmanned aerial vehicles

1.4.1 Advances in UAVs

Over the last decade, great advances have been made in Unmanned Aerial Vehicles (UAVs) (or
Unmanned Aerial Survey Systems (UASS), Unmanned Aerial System (UAS), Remotely-Piloted
Aerial Systems (RPAS), or simply ’drones’) (Blockley et al., 2017). Although UAV technology
is over 100 year old, it has now matured and has become much more affordable (Colomina &
Molina, 2014). Consequently, there is a large-scale production and a widespread utilization of
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UAVs at present, with over 2 million drones sold in 2016 (Garrett & Anderson, 2018). They are
used extensively by hobbyists for recreation and by a wide range of professionals, ranging from
videographers and real estate agents to rescue workers and engineers. UAVs have also become
increasingly popular for use in scientific environmental monitoring.

When equipped with a camera, UAVs can acquire high-resolution overlapping imagery for
remote sensing analyses. The imagery can be used to create high-resolution orthomosaics, i.e.
geometrically corrected image mosaics, and to generate detailed three-dimensional (3D) mod-
els using a workflow called Structure-from-Motion–Multi-view Stereo (SfM-MVS) (Carrivick
et al., 2016; Colomina & Molina, 2014; Nex & Remondino, 2014; Snavely, 2011; Snavely et al.,
2008), generally referred to as SfM. The relative ease and cost-effectiveness of the UAV and SfM
combination resulted in a new paradigm in aerial surveying of which numerous scientific appli-
cations benefit, e.g. crop health monitoring (Huang et al., 2013), forest fire monitoring (Rufino
& Moccia, 2005), species counting (Koh & Wich, 2012), dune dynamics monitoring (Ruessink
et al., 2018), landslide monitoring (Lucieer et al., 2013), and archaeological surveying (Rinaudo
et al., 2012).

Compared to spaceborne remote sensing, UAVs offer a few distinct (dis)advantages. An im-
portant advantage is that UAVs can be used to acquire imagery and elevation data on demand at
a high frequency, while satellites are bound to overpass and revisit times. This means that UAVs
can easily be deployed additionally during ground or remote sensing surveys to provide com-
plementary data. Atmospheric disturbances matter less for UAVs, since they are generally flown
below clouds and the ground-sensor distance is relatively small. Moreover, because UAV flights
are on-demand surveys, they can be performed during good atmospheric conditions by choice.
They provide very high-resolution data in the order of a few cm per pixel, which is higher than
all commercially available satellite products (Murillo-García et al., 2014). Since UAVs require
the operator to physically go the survey area, they have the disadvantage of a bigger time invest-
ment. They also operate on battery power and have a limited survey area, which makes large
scale surveys such as performed by satellites infeasible. Furthermore, satellite sensor technology
is able to capture the large image scenes instantly or within very short time frame (Lillesand et al.,
2015). Image acquisition by UAVs, on the other hand, is performed in a flight survey, which
requires time. Highly dynamic environments or processes are therefore difficult to survey with
a UAV.

1.4.2 Types and sensors

Two main categories of UAVs can be distinguished: fixed-wing and rotary . Fixed-wing UAVs
consist of a rigid airfoil wing and are propelled by one or multiple propellers in order to create
lift, similar to a conventional airplane. Rotary UAVs use a horizontally aligned rotor to generate
lift, similar to a helicopter. Different frommost helicopters, they often feature multiple rotors for
stability, e.g. four (quadcopter) or eight (octocopter). Both categories have distinct advantages
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and disadvantages. Fixed-wing UAVs generally have better endurance than rotary UAVs and
can fly at higher altitude, but they can carry less payload. Take-off and landing of rotary UAVs
is performed vertically, as compared to horizontally with fixed-wing UAVs, which is practical
in confined spaces and on rough terrain (Colomina & Molina, 2014; Garrett & Anderson, 2018;
Nex & Remondino, 2014; Toth & Jóźków, 2016).

At the advent of UAV technology not many sensors were available that complied with the di-
mension and weight requirements for UAV payload. However, with the rise of the UAV, sensor
technology has also developed rapidly. Currently many options exist that can be mounted on
UAV systems. Examples are sensors that capture (1) visual light, which can be used for detailed
mapping and photogrammetry; (2) near infrared, which allows detailed vegetation analyses; (3)
thermal infrared, which is useful in vegetation and moisture studies; (4) multi- and hyperspectral
sensors (Mäkynen et al., 2012), which allows detailed analysis of light spectra; and (5) Light De-
tection and Ranging (LiDAR) systems (Sankey et al., 2018), which is used for altimetry. With the
ongoing technological improvements, the possibilities of UAV monitoring continue to expand.

1.4.3 Surveys and data processing

A typical UAV survey consists of two major steps. First, before a UAV flight is performed, well-
distributed markers are placed in the area that will be clearly visible on the UAV imagery. The
geographic coordinates of these markers are then measured to provide ground control points
(GCPs) that can be used during image processing. To georeference the high-resolution UAV
data properly the coordinates have to be measured very accurately. Therefore, generally a dif-
ferential Global Navigation Satellite System (dGNSS) is used, which has an accuracy of a few
cm (Jin et al., 2014; Toth & Jóźków, 2016). When such a dGNSS is solely reliant on Global
Positioning System (GPS) satellites, it is also referred to as dGPS. Second, the actual UAV survey
is performed in which overlapping imagery is acquired, covering the entire survey area. Largely
dependent on the type of UAV, the flight and image capture can be controlled fully manually us-
ing radio control or automatically using a predefined flight path, and an on-board GPS receiver
and flight computer.

To process the imagery into a single image and generate a digital elevation model, the SfM-
MVSworkflow is implemented. It consists of several main sequential steps: feature detection and
filtering, estimation of 3D geometry, scaling and georeferencing, and image matching (Carriv-
ick et al., 2016; Smith et al., 2016). Several algorithms exist for feature detection on sets of
images. All these methods detect so called keypoints for each image, i.e. points with clearly
distinguishable mathematical descriptors. The most commonly used descriptor algorithm is the
scale-invariant feature transform, which is robust to changes in viewpoint and scale (Lowe, 2004).
Correspondences between keypoints of all images or sets of images are determined, points of
strong correspondence are matched, and points of weak correspondence or weak geometric con-
sistency are discarded. Using the matched points, a SfM bundle adjustment is performed that
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reconstructs a sparse 3D scene structure, the camera positions and orientations, and the intrinsic
camera parameters in an arbitrary coordinate system (Snavely et al., 2008; Szeliski, 2011). To
georeference and refine the created structure, a scaling and georeferencing procedure is per-
formed using the GCPs and/or image coordinates (if captured by the UAV). As a final step, the
MVS algorithm is applied to construct a dense 3D point cloud. A widely used variant is the
patch-based MVS (PMVS), which uses the sparse 3D structure together with the images in a
three step iterative procedure of texture-based feature matching, patch expansion and filtering
(Furukawa & Ponce, 2010).

1.4.4 Potential for glaciology

Since UAVs are able to provide high-resolution imagery from various sensors and can be used to
produce high-resolution DEMs, they have large potential for the monitoring of glaciers. They
may be of particular use for the research of debris-covered glaciers for two main reasons.

First, glacier melt is highly variable over small scales and important surface features are too
small to be captured by most satellite remote sensing products. As such, the high-resolution data
acquirable by a UAV may provide insights into the spatially variable melt and surface properties
as well as the dynamics of ice cliff and supraglacial ponds.

Second, fieldwork on glaciers in HMA is difficult due to their inaccessibility. Debris-covered
glaciers are particularly hard to measure in the field, because the unstable debris complicates
fieldwork. As most ground-based measurements require (partly) removal of the debris they
disturb the surface and the measurements. Moreover, they are generally only at point scale,
while the surface is highly variable. UAVs offers a method to relatively easy acquire spatially
continuous imagery and DEMs without surface disturbance.

1.5 Research aim and outline

The preceding sections reveal that, although general dynamics are largely understood, many of
the small scale surface processes that occur on debris-covered glaciers are complex and not well
understood at present, and their interplay remains uncertain. This includes spatially variable
properties of the debris and the dynamics of surface features such as ice cliffs and ponds. To be
able to better predict future changes to water resources in High Mountain Asia (HMA) and
to determine the state of the climate, they are important to unravel. In this thesis, the main
objective therefore is:

To increase understanding of small scale dynamics of debris-covered glaciers
in order to improve projections of climate-induced glacier change
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Data on debris-covered glaciers are scarce, which is the reason for many of the unknowns and
uncertainties around the dynamics of these glaciers. UAVs are a relatively new development that
provide data that will advance research on the small scale dynamics of these glaciers. This thesis
therefore has a strong focus on implementation of UAVs and SfM to reach the main objective.
The thesis touches on five different topics that addresses the following specific research questions:

1. What are the detailed spatial patterns in elevation change of a debris-covered glacier?

To answer this question, the first multi-temporal UAV monitoring campaign on a debris-
covered glacier is presented in Chapter 3. Two high-resolution image and elevation
datasets are shown and elevation differences and surface velocities that were derived from
these data are analysed.

2. Are there spatio-temporal differences in debris-covered glacier surface velocity?

Application of feature tracking techniques to three time steps of UAV imagery of a debris-
covered glacier are presented in Chapter 4 to answer this research question. Optimal
feature tracking inputs and settings are discussed, and surface velocities derived for summer
(monsoon) and winter (dry season) are presented and intepreted.

3. Can UAV thermal imaging provide new insights into debris surface properties?

Surface temperatures of debris-covered glaciers may provide useful information on the
surface properties of the debris and the surface energy balance. To determine to what
extent UAVs can be used to obtain surface temperature data, a methodology to acquire,
process and validate thermal infrared imagery of a debris-covered glacier with a UAV is
presented in Chapter 5 to answer this research question.

4. How can ice cliffs and supraglacial ponds be analysed systematically?

This research question is answered in Chapter 6 by presenting object-based image classifi-
cation techniques in combination with UAV surveying for semi-automatic detection of ice
cliffs and supraglacial ponds on a debris-covered glacier. A characterization of the surface
features is presented by analysis of properties such as aspect, slope and spatial distribution.

5. What will be the response of HMA glaciers to future climate change and are there differences be-
tween debris-free and debris-covered glaciers?

To answer this research question, I present a detailed region-wide debris-cover classifica-
tion and a novel glacier model in Chapter 7, which incorporates specific insights about
debris-cover glaciers that are gained in the preceding chapters. Using the model results,
a comprehensive analysis of 21st century climate change impacts on HMA glaciers is pre-
sented and the effects of (debris-covered) glacier evolution on water resource availability
is determined.
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Additional to the chapters above, Chapter 2 presents the two study areas and its glaciers that
were used for the unmanned aerial vehicle surveys. The global location of the study areas in
the Himalaya is described, including background information on the local climatology and ge-
omorphology. In Chapter 8, I synthesize the research presented in this thesis. I place it into
a broader perspective, discuss its main findings with respect to the the literature, and provide
recommendations and an outlook for future research.



2
Study area

In this thesis, the main aim is to study debris-covered glaciers by examining the potential of
UAVs in their research. In many regions in the high mountains of Asia, this type of glacier is
relatively common (Chapter 1). The glaciers in the region are generally inaccessible, however,
and as a consequence it is infeasible to study a large number of glaciers in detail using a UAV.
Therefore, only two debris-covered glaciers were selected as the subject of UAV surveys in this
thesis: Lirung Glacier and Langtang Glacier. The glaciers are both located in the Langtang
Valley in Nepal. Glaciological research has been performed in the valley for multiple decades
and, compared to most other locations in the high mountains of Asia, the valley and it’s glaciers
are relatively accessible. Furthermore, the valley is the focus of a broader research program
of Utrecht University’s Department of Physical Geography. Selection of these two glaciers
had the great advantage that fieldwork efforts were shared between multiple researchers and
students, thereby reducing workload, improving continuation and frequency of measurements,
and reducing costs. The remainder of this chapter provides more information and background
on Langtang Valley and the two glaciers.

2.1 Langtang Valley

LangtangValley is located in the Central Himalaya inNepal and is located approximately 100 km
north of Kathmandu, in between the well-known regions of the Annapurna Massif and Mt.
Everest (Figure 2.1). The direction of the 584 km2 valley is primarily east to west, although the
final 25 km bends northwards. Elevation ranges from about 1500m at the very start of the valley
near the village of Syaphrubesi to the 7227m Langtang Lirung, which is its highest peak. A
range of other high peaks on the valley’s northern rim mark the border with the Tibetan Au-
tonomous Region of China, while lower peaks to the south seclude the valley from the highlands
of Helambu. As a result of the large range in elevation, the valley is ecologically and geomor-
phologically varied. In the lower parts, a steep river-incised v-shaped valley is present with rich
subtropical vegetation, while at higher elevation sparse- and non-vegetated lands in combina-
tion with rough alpine terrain is predominant. At approximately 2600m the v-shaped valley
opens up distinctly to a u-shaped valley, or glacial trough. This point is suggested to mark the
extent of the 45 km long glacier that filled Langtang Valley during the last glacial maximum
(Barnard et al., 2006).

At present, only the Upper Langtang Valley (>3850masl, 453 km2, Figure 2.2) has glacier-
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Figure 2.1: Location of Langtang Valley in the central Nepalese Himalaya, approximately 100 km north of Kathmandu.
The bright yellow areas indicate glacierized regions (Pfeffer et al., 2014), and the blue lines the main drainage network
(Lehner et al., 2008).

ized areas. It houses various small debris-free glaciers of which Kimshung Glacier and Yala
Glacier are the most notable. Five debris-covered tongues exist in the valley: Lirung, Shal-
bachum, Ghanna, Langshisha and Langtang. Most of these tongues are relatively small with the
exception of Langtang Glacier, which is a moderately-sized debris-covered glacier. Terminus
elevations of the debris-covered tongues range from approximately 4050 to 4700m. The litho-
logical composition of the debris is likely to consist of mainly gneiss and quartzite, since these
are the primary constituents of Langtang Valley bedrock (Kohn et al., 2005).

In the valley there are numerous small mountain streams that collect overland flow, ground-
water and glacier melt water and transport it to the braided Langtang Khola, i.e. the main river
in the valley and an important tributary of the Trishuli River. Discharge of the river measured
at the runoff gauge at the outlet of the upper valley (Figure 2.2) ranges considerably. During
the cold and dry winter months when there is limited precipitation and glacier melt is largely
absent, discharge can be as low as 2m3 s−1. Peak flows during the wet monsoon, on the other
hand, can reach 30m3 s−1.

The climate in the valley is monsoon-dominated and around 70% of the annual precipitation
(800–1000mma−1) falls during the monsoon from June to September (Figure 2.3). During
the dry winter season from November to May, precipitation (mainly snow) is limited, as it is
produced by the occasional passage of westerly troughs (Immerzeel et al., 2014b). In general,
precipitation increases with altitude during both the monsoon and the dry season (Seko, 1987),
although a reversed along-valley precipitation gradient exists during summer (Baral et al., 2014;
Collier et al., 2015). As a result, the glaciers in the valley are characterized by synchronous
accumulation and ablation during the monsoon season.
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Figure 2.3: Monthly precipitation and air temperature measured at the Yala base camp weather station for the period
2012–2016. The station is located on a small plateau at 5090m elevation, about 1 km west of Yala glacier Figure 2.1.

Since 2012, a wide range of measurements have been made in Langtang Valley by i.a. Utrecht
University (UU), Swiss Federal Institute of Technology in Zurich (ETH Zurich), International
Centre for Integrated Mountain Development (ICIMOD), Norwegian Water Resources and
Energy Directorate (NVE), and Nepal’s Department of Hydrology and Meteorology (DHM).
Over the years, a comprehensive network has been built andmaintained of weather stations, rain
gauges, temperature loggers, snow observatories and runoff gauges (Figure 2.2). Additional to
these semi-permanent stations, many temporary measurements and sampling campaigns have
been undertaken over the years.

On the 25th of April, the Ghorka Earthquake with a magnitude of 7.8 on the Richter Scale
struck central Nepal, tragically killing nearly 9000 people (Kargel et al., 2015). Langtang Valley
was particularly hard-hit, as a large landslide obliterated Langtang Village, taking the life of
over 200 local villagers, tourists and guides. The earthquake not only had devastating effects
on the people in the valley, but also strong implications for the science, since a large part of
the observation network was destroyed. Fieldwork campaigns to the region were cancelled that
spring and following campaigns were largely dedicated to repairing and rebuilding stations and
sensors.

2.2 Lirung Glacier

The LirungGlacier (Figure 2.2; Figure 2.4; 28°14′2′′N, 85°33′43′′E) is themost accessible glacier
in Langtang Valley, generally reachable with a three day walk from the start of the valley. It is
located about 2.5 km north of Kyangjin, which is the last settlement in the valley (Figure 2.2).
The glacier of 6.5 km2 has a debris-covered tongue with a length of 3.5 km and an average width
of about 500m. The remainder of the debris-covered part of the glacier reaches up to about
4350masl. The debris covered surface is covered by a limited number of supraglacial ponds and
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ice cliffs, as well as intermittent vegetation patches. The elevation of its current terminus, i.e. a
south-facing exposed ice face that is rapidly melting and moving up-glacier, is approximately
4050masl. In front of the terminus a network of drainage channels is present and a proglacial
lake has formed of about 0.1 km2. The outlet of the glacier at the southern end of the lake
at 3990masl is monitored by a runoff gauge and reveals typical discharges of about 0.5m3 s−1.
The glacier has a steep debris-free accumulation zone reaching close to the 7227m summit of
Langtang Lirung. Past mass wasting has disconnected the accumulation zone from the debris-
covered glacier tongue (Figure 2.5) and consequently the tongue is fed only by avalanches from
the steep slopes and occasional snow fall on the tongue itself.

The debris mantle of Lirung Glacier is generally thicker than the critical thickness (Chapter 1)
and often even thicker than 0.5m (McCarthy et al., 2017), which offers strong insulation to the
ice below (Østrem, 1959; Scherler et al., 2011). It is also highly variable, as it ranges from 0.1
to 2.3m thick on a spatial scale of 10m (McCarthy et al., 2017), which is expected to result
in spatially variable melt patterns. Despite the insulating effect of debris, the historical mass
loss of Lirung Glacier has been considerable. Its lateral moraines are currently elevated above
the debris-covered surface by ~90m, providing an indication of the amount of mass wasting
since the maximum glacier extent at the end of the Little Ice Age at 1823± 190 AD (Rowan,
2017). Over the period 1974–2006, determined by satellite-derived DEMs (Ragettli et al., 2016a),
Lirung glacier has seen elevation losses of its debris-covered part of −1.03±0.05ma−1, which
have increased in recent years (2006–2015) with 62% to −1.67±0.59ma−1. Comparable rates
of elevation loss have been found by Nuimura et al. (2017). Surface velocities for the glacier
are relatively low, since flow for 2009–2010 has been determined to be <5ma−1 using satellite
imagery feature tracking (Ragettli et al., 2016a). This confirms older measurements from 1994–
1996 that were performed using theodolites, which revealed surface velocities of approximately
2ma−1 for the lower part and and 6ma−1 for the upper part of the debris-covered tongue (Naito
et al., 1998).

2.3 Langtang Glacier

Langtang Glacier is located at the end of Langtang valley (Figure 2.2; 28°14′29′′N, 85°42′17′′E).
The glacier has a debris-covered tongue approximately 15 km long and 800mwide, and it is the
largest glacier in the valley with 46.5 km2. The tongue ranges in elevation from approximately
4500 to 5200masl, while its largely debris-free accumulation zone ascends steeply to Langtang
Ri (7205masl). The glacier has four confluences from smaller tributaries located at approximately
1.5, 8.0, 12.0 and 13.5 km from the terminus. Additionally, avalanches that originate from the
steep slopes on each side of the tongue feed the glacier at numerous locations. Glacier melt runoff
from the terminus of Langtang Glacier marks the start of Langtang Khola. On the debris-
covered surface of Langtang Glacier ice cliffs and supraglacial ponds are abundant, and have
higher spatial density than on Lirung Glacier. Ragettli et al. (2016a) found 10% of the 30m grid
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Figure 2.4: Satellite imagery with a UAV orthomosaic overlay for Lirung Glacier showing the study area for this debris
covered tongue (left). Hillshaded elevation map of Lirung Glacier, generated using the High Mountain Asia DEM (Shean,
2017) and UAV DEM (right). Extent of the map is indicated in Figure 2.2.
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Figure 2.5: Picture of upper part of the debris-covered tongue of Lirung Glacier with the steep slopes from Langtang
Lirung in the background, taken from halfway up the eastern moraine. Note the disconnect between the debris-covered
tongue and the debris-free ice on the slopes (© 2013 Philip Kraaijenbrink).
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Figure 2.6: Photograph of Lirung Glacier and Langtang Lirung taken near the weather station (Figure 2.2) located 4 km
east of the glacier (© 2013 Steven de Jong).
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cells for LangtangGlacier to contain ice cliffs, while for LirungGlacier this was 8%. Supraglacial
pond presence on the glacier was shown to be variable over the year, with increasing pond area
over the pre-monsoon season and peak pond area (~2% of the debris-covered area) at the onset
of the monsoon (Miles et al., 2017c).

Over the past decade, mean surface lowering of−0.91±0.05ma−1 has occurred on the debris-
covered portions of Langtang Glacier (Ragettli et al., 2016a). This rate is slightly lower than that
is observed on other glaciers in the valley. Similar to Lirung Glacier, elevation loss rates have
increased in the last decade, but only with 15% . Surface velocities on the lower reaches of
the debris-covered tongue range from 0 to 10ma−1, with higher velocities (20 to 30ma−1) in
the upper parts (Pellicciotti et al., 2015; Ragettli et al., 2016a). These velocities are comparable
to those observed for the other debris-covered glaciers in the Upper Langtang Valley in the
same studies. Compared to Lirung Glacier, surface velocities observed at Langtang Glacier are
considerably higher.

For Langtang Glacier, the main focus in this thesis lies at a 2.1 km long section of the snout
of the glacier (Figure 2.7). Although this lower reach of the glacier has slower flow (<5ma−1)
and consequently less abundance of ice cliffs than the upper reaches (Ragettli et al., 2016a), cliff
presence is much higher than on Lirung Glacier. The area of interest includes the final tributary
to Langtang Glacier at 1.5 km from the terminus, which is likely to increase the dynamics at the
confluence of the two glaciers. Compared to the upper reaches of the glacier, this lower part
has limited elevation loss (Ragettli et al., 2016a). The lateral moraines of the glacier are slightly
less pronouced than those at Lirung Glacier with about 60m difference with the glacier surface.
There is no clear, exposed terminus present at the glacier such as is the case for Lirung Glacier,
and terminus position has been nearly stable in recent years (Miles et al., 2017c).
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Figure 2.7: Satellite imagery with a UAV orthomosaic overlay for Langtang Glacier showing the study area near the
terminus of this debris covered tongue (left). Hillshaded elevation map of Langtang Glacier, generated using the High
Mountain Asia DEM (Shean, 2017) and UAV DEM (right). Extent of the map is indicated in Figure 2.2.

Figure 2.8: Picture of a part of the study area at Langtang Glacier. Photograph was taken from the northern moraine,
looking in south east direction at the confluence with the small tributary glacier. Main tongue of the glacier flows from the
top left of the photograph to the bottom right. On the foreground a marker used for ground control in the UAV surveys is
visible (© 2017 Maxime Litt).
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High-resolution thinning and velocity

Himalayan glacier tongues are commonly debris covered and they are an important
source of melt water. However, they remain relatively unstudied because of the in-
accessibility of the terrain and the difficulties in field work caused by the thick debris
layers. Observations of debris-covered glaciers are therefore scarce and airborne re-
mote sensing may bridge the gap between scarce field observations and coarse resolu-
tion spaceborne remote sensing. In this study an Unmanned Aerial Vehicle (UAV) is
deployed before and after the melt and monsoon season (May and October 2013) over
the debris-covered tongue of the Lirung Glacier in Nepal. Based on stereo-imaging
and the structure for motion algorithm highly detailed orthomosaics and digital eleva-
tion models (DEMs) are derived, which are geometrically corrected using differential
GPS observations collected in the field. Based on DEM-differencing and manual fea-
ture tracking the mass loss and the surface velocity of the glacier are determined at
a high spatial accuracy. On average, mass loss is limited and the surface velocity is
very small. However, the spatial variability of melt rates is very high, and ice cliffs and
supra-glacial ponds showmass losses that can be an order of magnitude higher than the
average. Future research should focus on the interaction between supra-glacial ponds,
ice cliffs and englacial hydrology to further understand the dynamics of debris-covered
glaciers. Finally, it is concluded that UAV deployment has large potential in glaciol-
ogy and it may revolutionize methods currently applied in studying glacier surface
features.

Chapter based on:

Immerzeel, W. W., P. D. A. Kraaijenbrink, J. M. Shea, A. B. Shrestha, F. Pellicciotti, M. F. P. Bierkens, and S. M.
de Jong (2014). High-resolution monitoring of Himalayan glacier dynamics using unmanned aerial vehicles.
Remote Sensing of Environment, 150, 93-103.
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3.1 Introduction

Glaciers are strong indicators of the prevailing and past climate as their dynamics are sensitive
to small changes in precipitation and temperature. Glaciers can be valuable sources of water,
and changes in glaciers may directly impact human livelihoods, food security and hydropower
potential, particularly in the greater Himalaya (Immerzeel et al., 2013, 2010; Schaner et al., 2012).
Monitoring of glacier extents, mass balances and surface velocity is therefore of key importance
to understand how climate perturbations impact the status of glaciers (Paul et al., 2013). For
both mass balance and surface velocity measurements, field and geodetic methods can be distin-
guished, each with its own advantages and shortcomings.

In field methods of mass balance estimation a distinction is made between the glaciological
and the hydrological method (Hagg et al., 2004). The glaciological method uses ablation stake
readings, accumulation pits and snow pillows in order to determine mass gain or loss from the
glacier surface. Using measured or estimated snow and ice densities the local mass balance can
then be calculated and interpolated over the glacier surface (Fischer, 2011). The hydrological
method uses precipitation and outlet discharge measurements that are corrected for runoff and
evaporation to estimate the mass balance (Hagg et al., 2004).

Field surface velocity measurements are performed by quantifying stake displacement using
differential GPS (dGPS). Measurements using the field method generally yield high-resolution
data on a small spatial extent and are therefore best used to examine local effects. A difficulty with
field surface velocity measurements is that Himalayan glaciers are often located in inaccessible
areas, which can render expeditions cumbersome, time consuming and expensive. In addition
many Himalayan glacier tongues are characterized by a thick debris cover (Scherler et al., 2011)
and the presence of the debris layer greatly complicates field measurement techniques.

The geodetic methods of glacier mass balance and surface velocity estimation use remotely
sensed datasets, either spaceborne or airborne, obtained for at least two different points in time
to determine velocities or surface elevation changes between acquisition dates. In recent years
many studies have applied geodetic techniques as they provide a relatively easy and inexpensive
method to obtain frequent data for large, possibly inaccessible areas (Paul et al., 2013). The sen-
sors used for estimates of elevation changes can be divided into two main categories, active and
passive. The active elevation measurements comprise altimetry techniques that use for exam-
ple high-resolution airborne LiDAR techniques (Arnold et al., 2006), low resolution spaceborne
laser altimeters such as ICESat’s GLAS sensor (Bamber & Rivera, 2007; Kääb et al., 2012) or mi-
crowave ground-based and spaceborne techniques including InSAR (Strozzi et al., 2008; Sund
et al., 2014). Passive elevation measurements use photogrammetry on spaceborne or airborne
stereo imagery, e.g. Corona, ASTER or SPOT5, to generate elevation models (Berthier et al.,
2007; Bolch, 2007; Bolch et al., 2011; Gardelle et al., 2013; Hubbard et al., 2000; Paul et al., 2013).
The generated elevation data encompasses large areas, but at relatively coarse resolutions (ap-
proximately 30 to 90m). The vertical error range of those products is generally in the order of
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10–20m (Fujita et al., 2008; Nuimura et al., 2012).

For geodetic measurements of glacier surface velocity, manual feature tracking or automated
cross-correlation feature tracking is applied to satellite imagery. The imagery comprises optically
sensed data such as ASTER, SPOT5 or Landsat Thematic Mapper (Copland et al., 2009; Kääb,
2005; Paul et al., 2013) or data sensed by synthetic aperture radar sensors such as ERS-2 or Envisat
ASAR (Paul et al., 2013; Quincey et al., 2009a,b). The synthetic aperture radar data can also be
used to determine the surface velocity by interferometry (Luckman et al., 2007; Quincey et al.,
2009b). As with the geodetic measurements of glacier mass change, the spatial extent of the
surface velocity products is large and the resolution is coarse. A difficulty with the geodetic
approach is that artefacts such as shadows can considerably reduce the accuracy of the surface
velocity or elevation change at specific locations.

Mass loss of Himalayan glaciers may for a large part be determined by surface features such
as debris (Reid & Brock, 2010; Reid et al., 2012; Scherler et al., 2011), supra-glacial lakes (Sakai
& Fujita, 2010; Sakai et al., 2004, 2009) and ice cliffs (Haidong et al., 2010; Reid & Brock, 2014;
Sakai et al., 1998, 2002). However, there is presently no geodetic method available that allows for
the systematic assessment of glacier surface features, their interrelationships and their changes
over time at sufficiently high resolution.

The use of Unmanned Aerial Vehicles (UAVs) in glaciology is currently limited (Whitehead
et al., 2013) and in the greater Himalayas non-existent. However, the application of UAVs to
glaciological monitoring has the potential to overcome many of the difficulties related to present
day field and geodetic methods. Highly detailed orthomosaics and DEMs obtained from over-
lapping multi-view photography allow for accurate assessments of glacier surface dynamics and
surface height changes. UAV-acquired imagery may represent the missing link between the
point observations of field methods and the relatively coarse resolution of geodetic approaches
and as such it may improve our understanding of the spatio-temporal dynamics of Himalayan
glaciers.

The objectives of this study are twofold:

• To apply, for the first time, a professional low-cost UAV on a debris-covered Himalayan
glacier. Two field campaigns (May and October 2013) are combined with highly accurate
dGPS measurements at Lirung Glacier in Langtang Valley, Nepal, to assess the magnitude
of the downwasting of the glacier tongue and the average glacier movement over the
monsoon season.

• To investigate the role and dynamics of ice cliffs and supra-glacial lakes by further detailed
study of selected regions of the Lirung Glacier and discuss several controlling mechanisms
for the strong surface change observed over one monsoon season.
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Figure 3.1: The Swinglet UAV that is used for the surveys in this study.

3.2 Data and methods

3.2.1 Unmanned aerial vehicle

In this study the Swinglet CAM from SenseFly (Figure 3.1) is used as unmanned aerial vehicle
(UAV). The Swinglet is a fixed-wing UAV that has a wingspan of 80 cm and a take-off capacity
of 0.5 kg. It is capable of approximately 30-minute flights at cruise speeds of 36 kmh−1 and can
be flown either manually or using an autopilot. When using the autopilot the Swinglet follows
the waypoints of a flight plan created using the included eMotion software. A constant radio
link between the computer software and the Swinglet allows for inflight monitoring and control.
The UAV is mounted with a GPS receiver, altimeter, wind meter and a Canon IXUS 125 HS
digital compact camera that is electronically triggered by the autopilot system to acquire images
at the correct positions.

The camera has a 16 megapixel sensor, i.e. 4608× 3456 pixels, and captures JPEG-format
images in the visible light range. Its lens is capable of focal lengths between 4.3 and 21.5mm. It
is fixed at 4.3mm, however, to minimize potential motion blur as well as to allow faster shutter
speeds by maximizing the amount of sensed light. During surveys the camera is set to full-auto
mode in which the device uses autofocus and automatically chooses the appropriate combination
of aperture, ISO and shutter speed for the given light condition. In sufficiently light conditions
the full-auto setting generally results in images captured with relatively large apertures, ISO
values in the 125–250 range and shutter speeds of 1/320–1/1200 s.
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Figure 3.2: The extent of the monitored area of Lirung Glacier and the off-glacier validation regions.

3.2.2 Flight description

To monitor the debris-covered surface of Lirung Glacier (Figure 3.2), image acquisitions were
performed in ten separate flights (Figure 3.3, Table 3.1) during two separate expeditions to the
site in May and October 2013. At the study site wind speeds generally increase over the course
of the day and therefore the UAV flights were all performed in the morning to maximize flight
stability and image quality. The launch location and the landing site were the same for all
flights. The UAV was launched from a boulder on the ridge of the eastern moraine and was set
to perform a circular auto-land on a nearby flat area. For all flights, the desired image overlap
was set to be 60% in lateral and 70% in longitudinal directions with respect to the UAV flight
path.

On the 18th and 19th of May five of the total of seven performed flights were successful and
yielded imagery usable for DEM generation, i.e. flights 2, 3, 4, 5 and 6. The desired ground
resolution that was set in the eMotion software, which is directly coupled to the flight altitude
above the launch location, was varied over the flights to account for the glacier elevation gradient.
The post-monsoon image acquisition of the glacier was performed in three flights on the 22nd
of October. A lower ground resolution setting of 5 cm per pixel was used this time to increase
the area covered per flight.

3.2.3 Ground control points

InOctober 2013, 19 ground control points (GCPs) along the eastern andwestern lateral moraines
were collected using differential GPS (Topcon GB1000 antenna with a PG-A1 receiver). Two
identical GPS devices were used simultaneously: a base station and a rover. A base station was
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Figure 3.3:Overview of the study area, approximate coverages of the successful flights, positions of the selected images and
locations of the ground control points (GCP) and tie points.

Table 3.1: Overview of all UAV flights performed in May and October 2013.

Flight Date Start time
(hh:mm)

Duration
(min)

Area
(km2)

Altitude
(m amsl)

Resolution
(cm)

Photos
taken

Photos
used

1 18 May 2013 07:49 11 0.30 4304 3 72 0
2 18 May 2013 09:17 17 0.54 4308 3 139 96
3 18 May 2013 10:09 17 0.56 4312 3 132 14
4 19 May 2013 08:58 15 0.66 4353 4 117 63
5 19 May 2013 10:02 17 0.79 4360 4 132 0
6 19 May 2013 10:36 19 1.19 4410 5 132 111
7 19 May 2013 11:28 10 0.17 4258 2 52 0
8 22 Oct 2013 08:23 21 1.43 4396 5 166 89
9 22 Oct 2013 09:24 19 1.14 4392 5 130 88
10 22 Oct 2013 10:06 21 1.18 4393 5 160 130
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Figure 3.4: Measuring marker locations on the lateral moraine of Lirung Glacier with a differential GPS rover to acquire
ground control points for UAV imagery processing.

installed near the outlet of the Lirung Glacier (Figure 3.3) and was occupied for two consecutive
days. The rover was used to measure the 19 GCPs. To ensure visibility a bright red fabric of
1.0× 1.2m was used for the GCPs, the center point of which was measured using the dGPS
rover (Figure 3.4). To avoid error due to changes in the antenna rod inclination, every second
a measurement was taken during a 30-second interval. The base station and rover data were
post-processed using Topcon tools software (Topcon Positioning Systems, 2009).

In May 2013 a total of 18 GCPs were collected that were marked using red spray paint. How-
ever, as this was the first experience of the team with UAV surveys in challenging terrain, the
GCPs were not as evenly distributed over the lateral moraines as in the October campaign. The
spray paint was difficult to find in the images as well, hence accurate georeferencing of the im-
agery turned out to be impossible. The May data were therefore georeferenced using 47 tie
points (Figure 3.3) of which the x and y coordinates were sampled from the October ortho-
mosaic and the z values from the October DEM at locations without changes in elevation or
flow.

3.2.4 Digital elevation model and orthomosaic generation

The UAV-collected photos (Table 3.1) were processed into orthophotos and grid-based DEMs
of the glacier, lateral moraines and direct surroundings using a Structure from Motion (SfM)
workflow (Lucieer et al., 2013). The SfM process starts by selection of the photographs with
sufficient overlap frommultiple positions and/or angles and quality. Blurred photos are removed
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where redundant. Next, an image feature recognition algorithm is used to automatically detect
and match characteristic image objects between photographs, i.e. the scale invariant feature
transform (SIFT) described by Lowe (2004). A bundle block adjustment is then performed on the
matched features to identify the 3D position and orientation of the cameras, and the xyz-location
of each feature in the photographs resulting in a sparse 3D point cloud (Fonstad et al., 2013; Plets
et al., 2012; Snavely et al., 2008; Triggs et al., 2007). A densification technique is applied to derive
dense 3D models using multi-view stereopsis (MVS) or depth mapping techniques (Furukawa
& Ponce, 2009). The use of ground control points (GCPs) and/or incorporation of camera GPS
locations allows for the georeferencing of the 3D model in a coordinate system. Finally, the
model is exported to a high-resolution grid-based DEM and orthophoto mosaics (orthomosaics)
are derived based on the projected and blended photograph at a final resolution of 0.2m and
0.1m, respectively. In this study, the SfMworkflow as implemented in the commercial software
package Agisoft PhotoScan Professional version 0.9.1 (Agisoft LLC, 2013) was adopted. The
specific algorithms implemented in PhotoScan are not detailed in the manual, but a description
of the SfM procedure in PhotoScan and commonly used parameters are described in Verhoeven
(2011).

3.2.5 Surface velocity

A manual feature tracking method was used to estimate the surface velocity of the glacier be-
tween May and October 2013. Approximately evenly spaced transects of clearly distinguishable
surface features (n = 145), i.e. primarily large boulders, were visually selected on the orthomo-
saics. The horizontal displacement between the two periods is precisely measured in a geograph-
ical information system. The resulting point data are interpolated into a continuous surface using
ordinary kriging (Davis, 2002). To be able to make accurate comparisons of the DEMs between
May and October 2013, the October 2013 DEM is geometrically transformed to exactly match
the May 2013 DEM using the direction and magnitude of the surface velocity.

3.2.6 Accuracy assessment

To assess the geodetic accuracy of the SfM products, i.e. orthomosaic and DEM, two different
types of errors are taken into account, i.e. input and output. The input errors comprise the
deviations of the dGPS base station as well as the precision of each measurement performed by
the dGPS rover. The input errors are given by the post-processing software of the dGPS sys-
tem. The uncertainty introduced by the SfM processing technique is referred to as the output
error, and is assessed using two methods. Firstly, the difference of the May and October DEMs
is compared to ablation stake data (unpublished data) that were gathered during the same time
period. The melt observed at the stakes is compared with the DEM difference integrated over
the flow path between May and October 2013. To quantify the variability in the direct vicinity
of the stakes, the zonal mean and standard deviation within a 5m buffer around the stakes are
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also computed. Secondly, the vertical output uncertainty is assessed by calculating the differ-
ence between the GCP elevation data and the generated DEMs. The horizontal uncertainty
is determined manually by measuring the horizontal displacement between the original GCP
(October) and tie point (May) coordinates and the apparent GCP locations on the orthomosaics.

3.3 Results and discussion

3.3.1 Accuracy and precision

The dGPS system that was used during the surveys is reported to have an ~0.20m geodetic
accuracy in x, y and z for the base station (Wagnon et al., 2013). The input precision reported
by the dGPS device of all the separate measurements for the October GCPs has a mean of
6.6mm and a standard deviation of 6.4mm in the horizontal and a mean of 13.6mm and a
standard deviation of 14.0mm in the vertical. These precision errors are very small compared
to the geodetic accuracy of the base station hence they are negligible.

The distribution of the measured output errors for October (left panel Figure 3.5) shows that
at the GCP locations the resulting DEM has a geodetic accuracy that is within 0.25m for both
the horizontal and vertical. For the May DEM and orthomosaic the errors are within 0.70m
(left panel Figure 3.5). However, the bulk of the measurements show deviations that are less than
about 0.20m. As the May data was georeferenced using the October data, only the deviations
from the May tie points with the May orthomosaic and DEM are related to the uncertainty in
the DEM difference. Because the locations of both the October GCPs and the reference GCPs
are well distributed over the study area (Figure 3.3), it is assumed that the errors at locations away
from the GCPs are not considerably higher than those at the GCPs. This assumption might not
be valid for areas near the very edges of the orthomosaic and DEM due to edge effects that can
be introduced by the SfM processing procedure such as a bowl effect and edge curling (Agisoft
LLC, 2013). However, these effects do not affect the monitored area of the tongue.

The image processing, i.e. the stitching, orthorectification and DEM generation, also intro-
duces an additional error. To evaluate this error, DEM differences between May and October
area were computed for off-glacier terrain. The right panel of Figure 3.5 shows a histogram of
elevation differences in the areas outlined in Figure 3.2 and the deviation is 0.02±0.33m (mean
± sd) based on an area of 1.6 km2, which is an acceptable error.

Comparison of stake ablation data with the DEM differencing results (Table 3.2) shows that
they aremostly in agreement considering the geodetic errors involved. Only the ablation at stake
S3 is considerably different from the DEM difference at that location. The likely reason for this
is that stake S3 is located in an area where the ice is forced upward by emergence velocity1, i.e.

1The importance of emergence velocity may have been underestimated in the original paper that this chapter is based
on (Immerzeel et al., 2014a). Elevation losses at all stakes are affected by emergence velocity in varying (and unknown)
degrees and a comparison of stake ablation and UAV-derived elevation change is not completely accurate without taking it
into account.



42 Chapter 3

Error (m)

M
ay

O
ct

M
ay

O
ct

−0.6 −0.2 0.2 0.40.0-0.4 0.6

Off−glacier elevation difference (m)

−1.5 −0.5 0.5 1.0-1.0 1.5

0
5

10
15

20
25

30
35

0.0

Horizontal errors

Vertical errors

Pixel count

x 10000

Figure 3.5: The left panels show boxplots of the errors that were measured between the ground control data and the
generated DEM (vertical) and orthomosaics (horizontal) for both the May and October datasets. The boxes represent the
interquartile ranges, the whiskers the quartile to extreme ranges and the thick lines the medians. The right panel shows a
histogram of elevation differences between May and October 2013 in the off-glacier terrain outlined in Figure 3.2 (right
panel).

Table 3.2: Stake ablation rates (m) for the May–Oct period (locations marked in Figure 3.6) and comparison with UAV-
derived DEM differences (m). The DEM difference is integrated over the flowpath between May and October 2013. The
zonal mean and standard deviation are based on a 5m buffer around the stake.

Stake Stake ablation DEM difference Difference Zonal DEM mean Zonal DEM sd
S1a −1.77 −2.15 0.38 −2.17 0.32
S2_2 −2.05 −2.23 0.18 −2.22 0.29
S3 −2.13 −0.08 −2.05 −0.37 0.94
S4 −1.77 −1.90 0.13 −1.90 0.54

the vertical flow component of the glacier ice relative to the glacier surface that is related to ice
dynamics (Cuffey & Paterson, 2010). Figure 3.6 shows that, just before the bend in the glacier,
there is a small region where this occurs. These observations are confirmed by the flow direction
and velocity. In addition the high standard deviation found within a 5m radius shows that the
area around this stake is quite variable in the rates of elevation change and that a horizontal
measurement error can result in considerable changes in the point measurement.

3.3.2 Downwasting patterns and estimated melt

Our results show a strongly heterogeneous downwasting pattern on the tongue of the Lirung
Glacier (middle panel Figure 3.6, Figure 3.7). Aggregated over the entire monitored area, the
surface elevation change between May and October 2013 is −1.09m and the standard deviation
computed over all pixels equals 1.40m. The entire tongue shows a negative change in surface
elevation, except for a small region before the bend in the glacier (middle panel Figure 3.6). Here
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Figure 3.6: Digital elevation model in October 2013 (left panel), changes in elevation between May and October 2013
(middle panel), and the derived surface velocity and direction of flow (right panel). The middle panel shows the locations of
the ablation stakes and the extents of the panels of Figure 3.8 (solid boxes) as well as the extent in Figure 3.9 (dashed box).

an uplift of around 0.50m is observed as the vertical emergence velocity pushes the ice upward.
It is interesting to note that the flow direction and velocity confirm this observation. The flow
changes direction and magnitude in the bend and the ice is compressed and pushed upward as
a result. As a result of emergence and compressive flow an error is made in the quantification
of ice loss over the monitored area. Overall this error is likely to be limited as the flow velocity
of the Lirung Glacier is small (right panel Figure 3.6). Based on 1994–1996 data, Naito et al.
(1998) estimated that overall emergence velocity on the Lirung Glacier is 0.18ma−1. Presently
the tongue of the glacier is completely separated from its accumulation zone and it is likely that
the emergence velocity has further decreased since 1996.

Assuming an average ice density of 900 kgm−3, the 1.09m of downwasting corresponds to
0.036m3 s−1 (or 6.3mmw.e. d−1) of excess melt water over the total monitored area of 0.49 km2.
This excess water as a result of the loss in ice mass is only a small fraction of the average runoff
generated for the Lirung catchment over the same period (2.09m3 s−1, unpublished data) for
several reasons: (i) the total amount of melt water will be larger than this amount of excess wa-
ter; (ii) the period of observation covers the monsoon period when precipitation dominates the
local hydrology; (iii) melt runoff occurs only during a limited period during the day when solar
radiation is high; (iv) only 40% of the tongue is monitored, (v) emergence was not corrected for,
and (vi) the thick debris cover limits the melt per unit area. To illustrate the latter a degree day
factor (DDF) was computed based on the observed downwasting, air temperature data observed
on the glacier, the DEM and a lapse rate of −0.006 ◦Cm−1 (Pellicciotti et al., 2013). The aver-
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Figure 3.7: Histogram of changes in elevation between May and October 2013 based on the 0.2m resolution DEM differ-
ence.

age DDF for the entire monitored area is only 0.74mm◦C−1 d−1 and this is in agreement with
several other studies that relate debris thickness to melt rates (Hagg et al., 2008; Mihalcea et al.,
2006; Nicholson & Benn, 2006). These studies confirmed also for the Himalaya that when the
debris thickness is larger than 40 cm the melt rates are reduced dramatically (Østrem, 1959) to
values that are in line with our findings on Lirung Glacier, where debris thickness is generally
larger than 50 cm (Petersen & Schauwecker, 2013). Given that the runoff regime is a complex
mixture of rain, melt and subsurface flow during the monsoon, it is difficult to provide a con-
clusive answer on the contribution of melt under the debris-covered tongue to the total runoff.
Only a fully distributed and well calibrated glacio-hydrological model would be able to resolve
the single components to runoff accurately.

Our findings indicate that glacier melt water generated under the debris cover plays only a
marginal role in the total amount of water that is generated in the Lirung catchment. The zero
degree isotherm during the monsoon is on average located at 5400m elevation and it is there-
fore possible that, in addition to rain runoff, significant amounts of melt water are generated just
above the upper part of the tongue (4400m) in the transition zone towards the steep accumula-
tion area where debris cover is thin or non-existent and ice is exposed. This is also confirmed
by recent estimates of an equilibrium line altitude of 5260m elevation of the Yala glacier in the
same valley (Fujita & Nuimura, 2011).

3.3.3 Surface velocity

The surface velocity (right panel Figure 3.6) varies from 2.5m between May and October in
the upper part of the monitored area to completely stagnant near the terminus. Naito et al.
(1998) report surface velocities between 2.8 and 7.5m between June and October in the period
1994–1996 for the middle part of the glacier and between 1.9 and 2.5m for the lower part of the
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glacier. Although surface velocity is in the same order of magnitude, it shows that the glacier has
further slowed down relative to 1994–1996. The direction of flow is also strikingly similar. The
measured flow direction at the upstream part is eastward, which may be due to the possibility
that most of the avalanches that feed the glacier tongue occur on the north western part of the
tongue. The slight elevation gain of around 0.5m in the outer curve of the glacier is likely the
result of a vertical emergence velocity as a result of ice compression in the bend of the glacier
(Figure 3.6, middle panel).

The thick debris layer, the low melt rate and the slow flow are indicative that the Lirung
Glacier is in a final stage. The accumulation zone is separated from the tongue, the tongue has
slowed down almost completely and is losing mass. The present state of the Lirung Glacier, with
its relatively low altitude tongue, may be a preview of the fate of other debris-covered tongues
in the Himalaya, and our observations match with what is projected for debris-covered glaciers
at higher altitude in the Everest region of Nepal (Naito et al., 2000; Shea et al., 2015).

3.3.4 Role of ice cliffs and supra-glacial ponds

The spatial variation in elevation changes and DDFs is striking and the largest changes are found
in the vicinity of supra-glacial ponds and adjacent ice cliffs, which have been manually digitized
on the basis of the orthomosaic. Several studies have stressed the accelerating role these ponds
and cliffs have in the overall melt of debris-covered tongues of Himalayan glaciers (Benn et al.,
2012; Haidong et al., 2010; Reid & Brock, 2014; Sakai et al., 2009).

Supra-glacial ponds have been observed on glaciers with a low inclination and strong down-
wasting since the end of the Little Ice Age (Sakai & Fujita, 2010) and both of these conditions
are met on the Lirung Glacier. These ponds are generally above the hydrological base, i.e. the
glacier outlet, and they can drain episodically when connected to the glacial drainage system.
The water in the ponds warms in response to solar radiation inputs, and surveys in the Everest
region revealed large englacial voids created by the drainage of warm water from the ponds
(Benn et al., 2012). In that study it is hypothesized that the "roof" of such voids may collapse
and this would generate a new depression that could lead to the formation of a new lake. Ice
cliffs are generally found near the lakes and their melt rates are much higher on the exposed
cliffs compared to ice covered by a thick debris mantle. A previous study suggests that on the
Lirung Glacier 69% of the total melt originates from ice cliffs while they only cover 2% of the
total area (Sakai et al., 1998). Heat fluxes of the cliffs measured in a more recent study, however,
indicate that it is likely less pronounced (Sakai et al., 2000). Similar conclusions are drawn for
the Koxkar glacier in China (Haidong et al., 2010; Juen et al., 2014) and the Miage glacier in
Italy (Reid & Brock, 2014). In our case and for this season a total area of 0.04 km2 (8% of the
total monitored area) of supra-glacial ponds and associated ice cliffs is observed and this 8% in
area generates 24% of the total melt and can largely be explained by the backwasting of the ice
cliffs (Reid & Brock, 2014; Sakai et al., 1998). This is a first order estimate and in the future our
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findings must be validated with a full energy balance model of the glacier including ice cliffs and
lakes. The upper portion of the debris-covered tongue, which was not covered in the surveys,
has a greater density of lakes and ice cliffs.

The interplay between englacial conduits and voids, ice cliffs and glacial lakes is likely a key
factor controlling mass loss on debris-covered glaciers rather than melt at the surface. To in-
vestigate this in detail, I focus on four specific areas marked in Figure 3.6 in the middle panel.
Figure 3.8 shows the orthomosaic of May 2013 (left column), October 2013 (middle column)
and the DEM difference (right column) for the four selected areas. As shown in the figure, the
ice cliffs present on the glacier can have different aspects. This is consistent with the theory that
incoming shortwave radiation is not the dominant process in the formation of ice cliffs and that
other processes such a debris slope slumping, ice cliff calving and collapsing englacial conduits
play an important role (Benn et al., 2012).

Panel A shows the terminus, where strong mass wasting is observed over a large area. The
dotted line shows the estimated position of the ice and substantial changes have occurred. New
ponds have formed in the proglacial valley and cliffs with exposed ice have emerged between
May and October to the right and left of the dotted line in the October image. The cliffs have
a DDF between 5 and 7mm◦C−1 d−1, which is roughly a factor 10 higher than the glacier
average. These observations are interpreted as indications that the terminus area is undergoing
rapid change, which exposes ice cliffs and results in accelerated mass loss.

Panel B shows a typical supra-glacial pond with an adjacent ice cliff. In May the pond is about
60mwide while in October the pond has almost completely drained. This process is observed all
over the glacier. It is hypothesized that the englacial conduits that drain surface water are frozen
in May and that the inputs of warmed lake water and precipitation during the monsoon season
open the conduits and allow drainage to occur. Figure 3.8b also shows that large parts of the ice
cliffs in the north west corner have been covered by debris and that the DDF on the main cliff
reached values up to 12mm◦C−1 d−1, indicating that the debris cover is thin. The translocation
of a boulder between May and October can also be clearly seen in this image, north of the melt
pond.

Panel C illustrates extreme changes observed around a supra-glacial pond. The pond has
slightly drained and shifted toward the southeast. Mass wastage related to ice calving (Benn
et al., 2012) clearly occurs here. A steep scarp of ~80° developed between May and October on
the east side of the lake, visible as the darker shaded area in the October image. Furthermore, a
steep part of the cliff part has collapsed at the northeast side of the pond. The calving is likely
related to the lack of drainage during the monsoon season of the pond.

Other cliff-forming processes that occur in the vicinity of this pond appear to confirm those
described by (Benn et al., 2012), e.g. slumping of the debris slope seems to have formed the large
cliff at the area north of the pond while the southern part of the cliff is possibly caused by a roof
collapse. This may be the cause of a conduit blockage that resulted in the lack of pond drainage.
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Figure 3.8: Changes in surface features around selected locations. The left column shows the orthomosaic of May 2013, the
middle column of October 2013 and the right column the DEM difference.
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Figure 3.9: Possible locations of englacial conduits superimposed on DEM difference (left) and orthomosaic (right).

Finally, Panel D shows the migration of a north-facing ice cliff without the presence of a
pond. The horizontal movement is substantial (7–11m) and the cliff is more pronounced in
October. The DDF for this cliff is between 6 and 10mm◦C−1 d−1, compared with the average
DDF of 0.7mm◦C−1 d−1 that was computed for the entire monitored region. Generally north-
facing ice cliffs melt at lower rates as the amount of incoming radiation is limited compared to
south-facing cliffs (Benn et al., 2012; Sakai et al., 2002). In this case, the absence of an adjacent
pond results into a relatively shallow slope of ~35°, which allows for more incoming shortwave
radiation and a relatively high DDF.

Near the terminus of the glacier there is a large area with a high density of ice cliffs and high
melt, and it is hypothesized that these areas are connected by a network of englacial conduits (
Figure 3.9). The conduit locations were visually estimated from the subsidence patterns present
in the DEM difference that were assumed to be caused by thawing and deformation of the
conduits. These conduits could play an important role, not only in draining water, but also
in the dynamics of surface deformation. Therefore, to develop a better understanding of the
dynamics of debris-covered glaciers, it is key to study the conduits in more detail using, for
example, ground penetrating radar techniques (Bernard et al., 2014; Sakai & Fujita, 2010; Shea
et al., 2015; Wagnon et al., 2013) and repeated UAV surveys.
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3.4 Conclusions and recommendations

In this study a UAV is deployed over a debris-covered Himalayan glacier for the first time. The
imagery is used to derive high-resolution orthomosaics and digital elevation models. Results
from May and October 2013 campaigns are compared to quantify mass loss and surface velocity
and the following conclusions are drawn.

The potential of using UAVs in glaciology is high and it may revolutionize classical field based
methods. Traditionally stakes are drilled into the glacier, but this is challenging on glaciers with a
thick debris cover and only results in an aggregated amount of melt at a few point locations with
inaccuracies that can be high. Given the large variation in melt rates, it is almost impossible to
drill stakes with a sufficiently high density such that this heterogeneity in melt rates is captured.
Furthermore, while stake drilling is a labor-intensive and time consuming process, the UAV
data acquisition in May and October was carried out in just two half days. Our results show that
high-resolution DEM differencing based on UAV imagery provides the equivalent of millions
of stakes at a sufficiently high accuracy.

Some important caveats are warranted here, which in fact pertain to all studies where stake
readings are comparedwith a geodetic approach. Geodetic approaches quantify surface elevation
changes and the measured signal is a combination of ablation (or accumulation) and surface
submergence/emergence. Stakes quantify relative changes in ice thickness from the surface and
therefore only ablation (or accumulation is measured). Averaged over the entire glacier the
error made in mass balance estimates using the geodetic approach is negligible, but locally it
could be significant, in particular for dynamic and fast flowing glaciers. For future applications
on dynamic glaciers it would be recommendable to quantify the emergence velocity based on
estimates of ice thickness (e.g. derived from ground penetrating radar measurements) and flow
velocity and direction.

Our results also show that UAV imagery provides results at a resolution and accuracy that can-
not currently be met by satellite derived products. Geodetic methods based on satellite imagery
generally cover decadal-scale intervals to be able to distinguish noise from the signal of surface
height change. Satellite imagery also does not allow detailed analysis of glacier surface velocity
and image availability depends on the satellite overpass compared to the on-demand deployment
of the UAV system. For the future, annual campaigns with UAVs on benchmark glaciers could
be an important contribution to understanding the impacts of climate change on Himalayan
debris-covered glaciers, something which is still very uncertain (Cogley, 2011).

The results show that the average mass loss over the part of the debris-covered tongue that
was monitored is limited, mostly due to the thick debris cover that insulates the ice. In addition,
the low surface velocity and the separation of the tongue from the accumulation area show that
the Lirung Glacier is in a decaying condition. The tongue of the Lirung Glacier is at a low
elevation compared to other Himalayan glaciers and it is therefore very sensitive to temperature
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increases. It may also serve as an example of the future fate of many debris-covered Himalayan
glaciers if global warming persists at the projected rates.

As the ablation of debris-covered glaciers results in increases in debris thickness, the melt rate
per unit area will decrease with time. In response, the altitude at which maximum melt occurs
will shift upward to the transition zone between tongues and accumulation zones, where debris-
free ice is exposed. Future research should focus on this shift and assess the climate sensitivity
of glaciers as a function of projected temperature increase, glacier hypsometry and the presence
and thickness of debris cover.

With a−1.09mDEM difference, the overall melt of the monitored area is low, but our results
show that there is a high spatial variability in melt and surface dynamics. Areas around ice cliffs
and supra-glacial ponds show melt rates which can be up to an order of magnitude higher than
the average. Areas of higher melt rates may be connected or created by englacial conduits and
voids, which may play an essential role in melt of glaciers characterized by a thick debris cover.
To understand the true dynamics of such glaciers UAV data should be combined with energy
balance measurements on the lakes and cliffs and ground penetrating radar systems to identify
subsurface voids and conduits.
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Seasonal surface velocities

Debris-covered glaciers play an important role in the high-altitude water cycle in the
Himalaya, yet their dynamics are poorly understood, which is partly because of the dif-
ficult fieldwork conditions. In this study I therefore deploy an unmanned aerial vehicle
(UAV) three times (May 2013, October 2013 and May 2014) over the debris-covered
Lirung Glacier in Nepal. The acquired data are processed into orthomosaics and el-
evation models by a structure from motion workflow and seasonal surface velocity is
derived using frequency cross-correlation. In order to obtain optimal surface velocity
products the effects of different input data and correlator configurations are evaluated,
which reveals that the orthomosaic as input paired with moderate correlator settings
provides best results. The glacier has considerable spatial and seasonal differences in
surface velocity as maximum summer and winter velocities are 6.0 and 2.5ma−1 re-
spectively at the upper part of the tongue while the lower part is nearly stagnant. It is
hypothesized that the higher velocities during summer are caused by basal sliding due
to increased lubrication of the bed. I conclude that UAVs have great potential to quan-
tify seasonal and annual variations in flow and can help to further our understanding
of debris-covered glaciers.
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Kraaijenbrink, P. D. A., S. W. Meijer, J. M. Shea, F. Pellicciotti, S. M. D. E. Jong, and W. W. Immerzeel (2016).
Seasonal surface velocities of a Himalayan glacier derived by automated correlation of unmanned aerial vehicle
imagery. Annals of Glaciology, 57(71), 103-113.
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4.1 Introduction

Himalayan glaciers play a varying, but generally important role in the water supply of many
regions in Asia (Immerzeel et al., 2010; Kaser et al., 2010; Lutz et al., 2014). Most glaciers in
high mountain Asia are losing mass at rates similar to other regions in the world, except for the
Karakoram mountain range where there are indications of positive mass balances (Bolch et al.,
2012; Gardelle et al., 2012). In the central Himalaya, for example, negative mass balances of
−0.26±0.13m w.e. a−1 for the Everest region and of −0.32±0.13m w.e. a−1 for West Nepal
are reported for the period 1999 to 2011 (Gardelle et al., 2013), whereas for the Langtang catch-
ment in central Nepal a mass balance of −0.33±0.18m w.e. a−1 is reported (Pellicciotti et al.,
2015). These negative mass balances temporarily result in a higher water availability until the
glaciers have receded so far that absolute melt water yield starts to decline (Immerzeel et al.,
2013).

Around 10% of Himalayan glacierized area is debris covered (Bolch et al., 2012) and the debris-
covered tongues are generally located at the lowest elevation. Most debris-covered tongues ex-
hibit slower rates of retreat than debris-free glaciers, but they thin at substantial rates (Scherler
et al., 2011). Theoretically, the debris, when thicker than a few centimetres, should insulate the
ice from melt (Østrem, 1959). However, recent work suggests that the debris-covered tongues
lose mass at the same rates as debris-free glaciers (Gardelle et al., 2013; Kääb et al., 2012; Pel-
licciotti et al., 2015). The underlying reason may be the presence of supra-glacial lakes and ice
cliffs that accelerate melt significantly (Chapter 3; Benn et al., 2012; Sakai et al., 1998). Little is
known, however, about the behaviour and response of debris-covered glaciers as they are gen-
erally inaccessible and the spatial and temporal resolution of satellite remote sensing products
limits our ability to understand the governing thinning processes.

The flow velocity and the associated mass turnover determine to a large extent the sensitivity
of a glacier to climate change. Recent work showed that many of the mountain glaciers are
slowing down considerably. Glaciers in the Pamir, for example, decreased their velocity by 43%
between 2000 and 2010 (Heid & Kääb, 2012). For the Yala Glacier in the Langtang catchment
in Nepal a 70% reduction in flow velocity was reported between 1982 and 2009 (Sugiyama et al.,
2013). In contrast, Karakoram glaciers again exhibit anomalous behavior as glaciers there gen-
erally have accelerated (Heid & Kääb, 2012). Recent work in the central Himalaya shows great
variation in surface velocities. To the north side of the Himalayan arc near Bhutan on the Ti-
betan plateau flow velocities of 100–200ma−1 are reported, whereas on the south side maximum
flow velocities of a few tens of metres are reported (Kääb, 2005). This is confirmed for the south
side of the Everest region where flow velocities for debris-covered tongues vary between 0 to
37ma−1 (Quincey et al., 2009b). Most of the glacier velocity studies in the Himalaya are based
on optical, spaceborne satellite remote sensing and feature tracking. The first automated ap-
proach applied to glaciers was published more than two decades ago (Scambos et al., 1992) and
over the years the approach has proved very powerful and relatively accurate (Copland et al.,
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2009; Quincey et al., 2009a,b; Scherler et al., 2008).

Unmanned aerial vehicles (UAVs) have a large potential in glaciology in particular for debris-
covered glaciers as was shown in a recent study for the Lirung Glacier in central Nepal (Chap-
ter 3). The study revealed a highly heterogeneous pattern of mass loss on the debris-covered
tongue over a single monsoon season, with a possibly important catalytic role for supra-glacial
lakes and ice cliffs. Additionally, the study showed that it is possible to determine the glacier’s
surface velocity and its general spatial pattern by a manual digitization and interpolation of the
displacements found between UAV image pairs. Such a digitization method, however, does not
optimally use the full information content present in the UAV data, is subject to human error and
is time consuming. To overcome these issues, an automated feature tracking approach can also
be applied to the high-resolution UAV imagery. This would result in surface velocity products
with a better accuracy and spatial resolution that may achieve a level of detail that is currently
unobtainable with spaceborne remote sensing.

In this study I derive surface velocities of Lirung Glacier (Figure 2.4) for both the summer
monsoon and the dry winter season by applying frequency cross-correlation algorithms (Lep-
rince et al., 2007) on UAV-acquired imagery of May 2013, October 2013 and May 2014. Our
objectives are two-fold. First I evaluate the effect of two high-resolution image products on the
correlation output, i.e. digital elevation models (DEMs) and orthomosaics, and different settings
for the cross-correlation algorithm. Based on the best performing configuration I then assess
differences between monsoon and winter velocities, and discuss implications for debris-covered
glacier dynamics. The two 2013 datasets were already presented by (Chapter 3), but are reana-
lyzed in this study using the frequency cross-correlation technique to improve the detail of the
surface velocity product and to increase its comparability with the 2014 data.

4.2 Data and methods

4.2.1 UAV surveys

Lirung Glacier was surveyed by UAV three times on 18 May 2013, 22 October 2013 and 01 May
2014. For the first two dates a Swinglet CAMUAV from the company senseFly was used (Sense-
Fly, 2015). In May 2014 an eBee from the same company was used. These particular months
were chosen as ideal survey and fieldwork conditions usually prevail, i.e. calm winds, moderate
temperatures and little to no precipitation. Also, they are right before and after the monsoon,
which is the most dynamic season when synchronous accumulation (at high altitudes) and abla-
tion (on the tongue) processes prevail (Immerzeel et al., 2013). These months in particular are
therefore optimal to understand the difference in behaviour of the glacier between the monsoon
and the remainder of the year, which is generally colder and drier. The monsoon and dry season
covered by the three datasets are from here on referred to as respectively summer (May 2013 –
Oct 2013; 157 days) and winter (Oct 2013 – May 2014; 191 days).
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Figure 4.1:Overview of the 11 UAV flights among the three survey periods, their approximate ground coverages, positions
of the gathered images selected for processing, locations of the ground control points (GCP) and locations of the tie points.

To obtain the required imagery the UAV was deployed over the glacier in 11 separate flights
(Figure 4.1) over the course of the three survey dates. A total of 284, 307 and 314 usable JPEG
images, respectively, with ground resolutions of 4 to 7 cm and sufficient overlap of about 60%
were acquired with a 16 megapixel consumer grade digital camera using a fixed focal length. Im-
ages that were either redundant, had too much motion blur or strong rolling shutter distortions
were removed from the image set. Although the lossy compression associated with the JPEG
format is not ideal for data analysis and consistent results, it is currently a limitation of the UAV
system in use.

During the October 2013 field campaign a total of 19 ground control points (GCPs) were col-
lected on Lirung’s lateral moraines using differential GPS to georeference the imagery. During
the other two campaigns no GCPs were collected of sufficient quality. It was therefore chosen
to tie the data together geodetically by sampling 47 tie points from the October 2013 data, which
were used as GCPs in the processing of the May 2013 and 2014 datasets similar to the approach
taken by (Chapter 3).
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4.2.2 UAV data processing

The UAV-acquired images of the three dates were processed using a Structure from Motion
(SfM) workflow (Chapter 3; Lucieer et al., 2013; Westoby et al., 2012). In the workflow, fea-
ture recognition and matching algorithms together with multi-view stereo techniques (Szeliski,
2011; Westoby et al., 2012) are applied to the overlapping input images to obtain per-image
depth maps and camera orientations. This information is used to construct 3D point clouds that
can be triangulated and interpolated into gridded digital elevation models (DEMs) and to stitch
the input imagery into geometrically corrected image mosaics, so called orthomosaics. By mark-
ing the measured GCPs and/or tie points on the input images during the SfM workflow xyz-
georeferencing of the output is obtained. In this study I use the SfM workflow as implemented
in the software package Agisoft Photoscan Professional version 0.9.1 (Agisoft LLC, 2013).

To obtain optimal results from the SfM workflow in Agisoft each processing step was per-
formed using high quality settings. The 3D point clouds were cleaned in a three-step iterative
process by using the point reprojection error. High reprojection errors indicate poor localiza-
tion accuracy of the corresponding point projections at the point matching step and are also
typical for false matches (Agisoft LLC, 2013). Points with a reprojection error larger than 1.5
pixels, i.e. ~10 cm for most input images, were therefore removed at each iteration. After re-
moval the point coordinates and camera calibrations were optimized each time by minimizing
the sum of the reprojection error (Agisoft LLC, 2013). If camera calibration estimates are in-
accurate, the SfM matching algorithms can introduce a doming or bowl effect in the output
3D model. This was counteracted by using the spatially well-distributed GCPs and tie points
during the optimizations. The output orthomosaics and DEMs, which have 0.1m and 0.15 to
0.2m resolutions respectively, were all resampled to a 0.2m resolution to reduce the effects of
any remaining motion blur as well as JPEG artefacts for further processing.

During the May 2014 field campaign the UAV had difficulty acquiring GPS fixes causing the
UAV to skip a number of image captures. Consequently, a handful of tie points could not be
placed during the SfM workflow and the quality of the output was reduced considerably. As
a solution some off-glacier images of static areas from the October 2013 set (Figure 4.1) were
added to the May 2014 image set during processing, which allowed placement of all but two of
the tie points.

An indication of the horizontal accuracy of the DEMs and the orthomosaics is obtained by
measuring the difference between the GCP or tie point coordinates and their positions on the
output orthomosaics. The vertical accuracy is determined by calculating the differences between
the GCP or tie point elevations and the output DEMs while correcting for the horizontal error.
The number of GCPs collected in October 2013 was limited because of the inaccessible terrain
and all points were required for the SfM processing. This led to the absence of redundant GCPs
that could be used for independent accuracy checks.
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4.2.3 Surface velocity determination

Cross-correlation feature tracking

COSI-Corr (Co-registration of Optically Sensed Images and Correlation) is a software tool
developed to co-register pairs of satellite images, perform orthorectification and also sub-pixel
automated image correlation (Ayoub et al., 2009; Leprince et al., 2007). Its correlation algorithms
are used for the determination of surface velocity of glaciers, but until now they have only been
applied to comparativelymuch coarser resolution satellite imagery (Herman et al., 2011; Leprince
et al., 2008; Scherler et al., 2008). Here, I apply the COSI-Corr’s correlation algorithms to the
high-resolution UAV data.

The software provides two ways to correlate images, either statistical or frequential. Both
act on a moving window level. It is advised to use the frequential correlation method when
performing feature tracking on optical images that are relatively noise free and the statistical
method when images have considerable amounts of noise or when image pairs have different
content, such as when correlating an orthomosaic with an elevation model (Ayoub et al., 2009).
As I have relatively noise free data frequency correlation is used. The correlator obtains image-
to-image displacements by determining phase differences between Fourier transforms of the
moving window of both images. It does this in a two-fold process, first roughly on pixel-level
and subsequently on sub-pixel level (Leprince et al., 2007).

Multi-scale windows

Lirung Glacier, besides its general ice flow, has considerable temporal surface variations that
are unrelated to the flow of the ice but are clearly noticeable on the high-resolution UAV data.
Examples are the melt of ice cliffs, tumbling of boulders and the collapse of debris slopes. Ideally
these features are not detected by the correlation algorithm as the aim is to extract surface veloc-
ities only. It was therefore chosen to use COSI-Corr frequency correlator’s multi-scale mode
(Ayoub et al., 2009), as it has the potential to filter out these unwanted disturbances.

In the multi-scale mode windows of decreasing sizes are correlated iteratively using a precon-
figured initial and final window size. The dominant displacement is first detected by correlation
at the initial window scale. Increasingly smaller windows are then used while accounting for
the dominant signals that were found. If a correlation at a current iteration deviates too much
from the previous one, the iteration is stopped and the previous window’s results are used.

The multi-scale mode decreases the amount of irregularly distributed noise in the output
(Ayoub et al., 2009), i.e. small displacements present in the images that are unrelated to the
dominant signal. The use of larger initial window sizes allows for the reduction of more noise.
However, it is a tradeoff as too large initial window sizes may result in loss of detail that is actually
relevant. Some of this detail can be retained by using a smaller final window size, but the use of
smaller final windows introduces more uniformly distributed noise (Ayoub et al., 2009). A right
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balance of the settings with respect to the input data is therefore of key importance to obtain
the best results.

Input and setting assessment

Most studies use optical imagery as input data for automated feature tracking (Copland et al.,
2009; Kääb, 2005; Scherler et al., 2008). However, a correlation algorithm has been applied
successfully to a UAV-derived hillshade (Lucieer et al., 2013). In order to achieve optimal results
I therefore first assess the use of three different input data types: the orthomosaic, a hillshade and
the DEM processed by the Sobel edge detection operator (Szeliski, 2011). COSI-Corr requires
a single band raster as input and it was chosen to use the orthomosaic’s red band as its longer
wavelength experiences less influence from atmospheric scattering (Lillesand et al., 2003). The
hillshade was created using a solar azimuth of 120° and a zenith angle of 45°. The edge detected
DEM is added as it accentuates the outlines of the boulders that are abundantly present on the
glacier. It presents a strong contrast that may be picked up by the correlation algorithm. All
assessments are performed using the summer dataset only as the expected larger flow velocities
in this season will allow for a better evaluation of possible differences in the correlation output.
Initial and final window size settings are held equal for each input data type. Their optimal
settings are determined by trial and error, keeping in mind the suggestion to work with window
sizes that are at least 5 times the expected displacement (Leprince et al., 2007), which is about
3m (15 pixels) in this case (Chapter 3).

To assess the effects of varying window sizes the frequency correlator is applied to the input
dataset with the most satisfying correlation results by testing various combinations of initial
and final window size. The start window sizes are varied so that they yield increasing levels
of irregularly distributed noise reduction and detail retention with respect to the input data
resolution. The final window sizes are always chosen to have a good balance, visually determined,
between detail and noise. After the evaluation of the effects of different input data and correlation
settings the single optimal configuration found for the summer period is applied to the winter
data as well. To be able to compare the surface velocities measured over the summer and winter
the values are scaled to year equivalent values (m a−1) throughout this paper.

COSI-Corr analyzes the input data using a moving window that has the preconfigured initial
window size. Themovingwindow samples the input data at a configurable spatial interval, called
the step size. This step size can be set to be both smaller and larger than the size of the moving
window itself. Note that the chosen setting for the step size also predetermines the output pixel
size of the velocity field, i.e. input resolution times the step size. For consistency, this parameter
is held constant at a value that provides a good output resolution while limiting noise in the
output and the processing time required.
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Post-correlation noise reduction

The use of optimal correlator settings will result in a good balance between noise and detail
but to a certain extent noise will persist after the cross-correlation procedure. This comprises
both Gaussian noise and some remaining non-normally distributed noise. To further improve
the final surface velocity products for summer and winter two separate noise reduction methods
are applied to the velocity fields. First Gaussian noise is targeted using non-local means filtering
(Buades & Coll, 2005) as implemented in COSI-Corr (Ayoub et al., 2009). The algorithm is
applied using moderate noise reduction settings that are able to reduce most noise without hav-
ing too much of a smoothing effect, determined by visual inspection of the output. Patches of
irregular noise are subsequently targeted by removing velocity values above a threshold if the
focal standard deviation is high. The threshold values for the velocity and the focal standard
deviation are determined by trial and error. The noise is replaced by values that are calculated
by an ordinary kriging approach (Davis, 2002) applied to the values on the perimeter of the
patches.

4.2.4 Correlation accuracy

A proper assessment of the accuracy of the frequency cross-correlation algorithms is difficult as
there is no quality reference data available. To estimate accuracy I assess whether the algorithm
can reproduce surface velocities that are derived by a manual digitization. A comprehensive
manual image matching for the summer period is performed by digitizing flow vectors on the
image pair visually in a geographical information system. Only surface features are selected for
matching that encounter no displacements that are unrelated to the flow of the ice as determined
by expert opinion. The differences between the two methods are assessed by plotting the digi-
tized data against the correlation output value for each window setting, which is sampled from
COSI-Corr’s gridded velocity field output at the coordinates of the digitized vectors’ origin.
Linear regression models are fitted to the data to quantify the velocity differences.

To get another measure of the possible errors involved horizontal displacements found by the
correlator for a static off-glacier area of 0.18 km2 are evaluated and compared with the errors of
the SfM output. Signal-to-noise ratios (SNRs) that are provided by COSI-Corr (Leprince et al.,
2007) are evaluated for the three different window settings as another indicator of the quality of
the frequency cross-correlation.

4.3 Results and discussion

4.3.1 UAV product accuracy

The horizontal errors of the UAV products obtained by SfM processing are shown in panel A of
Figure 4.2. It shows the differences that are found between the GCP or tie point coordinates and
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Figure 4.2: Boxplots of the horizontal errors between GCP (October 2013) and tie point (May 2013 and 2014) coordi-
nates and their positions on the orthomosaics (panel A). Histogram of displacements at static off-glacier areas (0.18 km2) as
calculated by frequency cross-correlation using W256 F64 (panel B).

their positions on the output orthomosaics for the three periods. Only the errors found for the
May datasets are reflected in the accuracy of the derived surface velocities as they are directly
georeferenced to the October 2013 dataset using the tie points. The accuracy of the surface
velocity products is not affected by the true geodetic accuracy of the data, which is indicated
by the GCP errors for October 2013. The errors found for both May datasets have a similar
distribution and range. About 75% of the tie points are located on the orthomosaic within 0.2m
of their original position with only few outliers that go up to 0.6m. Errors found further away
from the tie points on the off-glacier moraine area and on the glacier surface itself are assumed
to be similar due to the high density of tie points used. The bulk of the vertical errors at the
tie points is within 0.5m and 75% is even within ~0.25m. The vertical errors, however, do not
contribute considerably to the accuracy of the surface velocity product determined by feature
tracking as they have little to no influence on the orthomosaic, hillshade and edge detected DEM.

4.3.2 Correlation assessment

Optical vs DEM derivatives

COSI-Corr’s frequency correlator is applied to the UAV-derived orthomosaic, hillshade and
edge detected DEM using an initial window size of 128 pixels (px) and a final window size
of 64 px (coded as W128 F64). It was found that a step size of 16 px provides a good balance
between output detail, noise and processing times while working with the 0.2m resampled
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input data. Note that the output resolution of COSI-Corr’s velocity field is consequently 3.2m.
The resulting surface velocities are shown in Figure 4.3. The vectors plotted on the map denote
the detected flow direction. Vectors that have a magnitude of less than the maximum horizontal
error of ~0.6m (Figure 4.2), i.e. 0.5ma−1, are left out.

The general pattern of flow velocity and direction that is detected by the correlation algorithm
is similar for each type of input data. A noticeable difference, on the other hand, is that irregularly
distributed noise is very abundant in the correlated hillshade and edge detected DEM while the
orthomosaic reveals this type of noise almost exclusively at and around the ice cliffs. This higher
noise abundance is possibly because the hillshade and edge detected data both contain similar
recurring patterns of crests and edges that result in mismatches of the correlator. The edge
detected DEM, while showing slightly less irregular noise than the hillshade, does experience
more erratic variation in flow directions. This is likely because the edge detection filter also
enhances the pattern of tiny edges that results from triangulation of the point cloud, which
spatially varies independently from image to image. Also, the very strong contrast and lack of
clear gradients may play a role.

The noise near the ice cliffs in the correlated orthomosaic arises because the cliffs on Lirung
Glacier are generally larger (Chapter 3) than the initial window size of 128 px, which equates to
25.6m in case of the 0.2m resampled input data. As a result, the melt of the ice cliff will be the
local dominant signal picked up by the moving window. In terms of noise filtering the opposite
of the desired filter effect now occurs, as the cliff-unrelated displacement is filtered locally, e.g.
the flow. Additionally, other mismatches might be introduced near the ice cliffs as they are not
merely displaced features, but represent an actual change in their appearance and shape due to
melt (Chapter 3). Most other displacements that are unrelated to flow have been filtered out at
W128 F64, except some slope anomalies on the lateral moraine walls.

Window size assessment

The results show that use of the orthomosaic as input to the frequency correlator yields the best,
noise free output to be used for determination of the surface velocities. I therefore assess the
effects of varying the window sizes by using this input data type.

As ice cliff related noise persists at a window size setting of W128 F64, it is chosen to assess
changes in noise level and detail retention by using two larger initial windows, i.e. W256 F64
and W512 F128 (Figure 4.4). To limit the amount of uniformly distributed noise in the output
a final window size of 128 px was chosen for the correlation with the initial window size of
512 px.

The pixel values for the surface velocity are very similar between the three settings. Excluding
noise and outliers that are larger than 6ma−1, the averages found over the entire area for the
different window settings (small to large) are 1.62, 1.59 and 1.57ma−1. Furthermore, 90% of the
pixel-by-pixel differences betweenW512 F128 and W128 F64 are within −0.56 and 0.29ma−1
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Figure 4.3: Surface velocity results obtained by frequency cross-correlation of three different input data types for the
summer period: the orthomosaic, hillshade and edged-detected DEM. Every input image product consisted of a 0.2m
resampled raster and was processed using an initial window size of 128 px and a final window size of 64 px. Note that the
vectors are not linearly scaled and that vectors with a magnitude of less than 1.4ma−1 are not displayed.
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and 75% are even within −8.78×10−2ma−1 and 6.59×10−3ma−1. In terms of SNR, larger
window sizes yield more pixels that are reported to have little to no correlation. The percentage
of pixels reported to have a SNR of less than 0.75, i.e. little correlation quality, are 7.09, 11.15
and 13.80% (small to large windows).

As shown, larger initial window sizes are capable of reducing most cliff-related noise present
in the output. On the other hand, they introduce sharper, unrealistic boundaries between areas
with contrasting velocities. Additionally, much of the finer spatial variability that is present in the
W128 F64 results is lost at W512 F128. To balance noise levels, artefact presence and measured
correlation performance the results from W256 F64 are chosen as optimal configuration.

To further improve the W256 F64 output moderate non-local means filtering is effective
regarding Gaussian noise. Almost all noise is removed while the detail is largely retained. Re-
placement of correlated velocities with interpolated values proves to be effective in removing
any remaining patches of irregular noise near the ice cliffs and terminus (Figure 4.6). For the
summer dataset, the use of a threshold of 7.5ma−1 on the velocity values if the focal standard
deviation of a 9×9 px window is larger than the 95th percentile of all focal standard deviations
shows good results. A threshold of 5.0ma−1 while using the same settings for the focal standard
deviation suffices for the winter velocity product.

Panel B in Figure 4.2 shows a histogram of the displacements over a static off-glacier area of
0.18 km2 as calculated by COSI-Corr using W256 F64. The off-glacier displacements have a
mean of 0.14m and 95% of the values is below 0.34m, which are acceptable errors. Note that
the errors of the SfM output (panel A) are, besides the cross-correlation error, also reflected by
these displacements and that the actual frequency cross-correlation output errors thus are likely
smaller than the values shown in the histogram.

Digitized vs correlated flow

To evaluate and compare the results of the summer correlation output a visual interpretation
and manual digitization were performed on the summer image pair by manually digitizing 459
vectors in a geographical information system. Note that this was performed on the original or-
thomosaic of 0.1m resolution. A higher sampling density at areas with higher surface velocities
was used to obtain more detail there, but generally the measurements are well distributed over
the glacier’s surface. Figure 4.5 shows a scatter plot of the correlation output for the three dif-
ferent windows sizes against the manually digitized flow as well as the spatial distribution of the
point measurements. Extreme and unrealistic outliers that are due to noise in the correlation
output are removed from the scatter plot, i.e. values above 8ma−1 (n = 6). The results of linear
regression models that were fitted to the filtered results are shown in the inset table.

Reproduction of the manually digitized flow by the frequency correlator is very good and
the overall flow pattern found is similar. Points scatter close to the 1:1 line with R2 values of
0.83 to 0.90 and with relatively small root mean square errors of ~0.6ma−1 over the observed
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Figure 4.4: Summer period frequency cross-correlation results for three different window sizes settings applied to the 0.2m
resampled orthomosaic. The initial and final window sizes that were used in each case are denoted byW and F respectively.
Note that the vectors are not linearly scaled and that vectors with a magnitude of less than 1.4ma−1 are not displayed.

period. Mean velocity errors between the two methods are in the order of 0.10 to 0.15m. The
slopes of the fitted model indicate a slight underestimation of surface velocity by the correlator
as compared to the manual digitization. The cause for this is unclear and it is so far not possible
to attribute this specifically to one of the methods.

The flow directions that follow from correlation and digitization have, similarly to the ve-
locities, the same overall trend and only slight differences between the two methods are found
locally. Compared to W256 F64, half of the digitized vectors have differences in bearing of less
than 8.0°and 75% are within 19.6°.

Note that small differences in velocity and direction are expected here for two main reasons.
Firstly, the digitized surface velocities at a point scale are compared with those that are measured
for blocks of 16 px by a correlator that bases itself on windows of 128, 256 and 512 px. Secondly,
manual digitization is not always completely accurate. Differences in lighting conditions can
cause the small surface features on the glacier used for digitization to appear quite differently
from image to image. It is estimated that the visual pixel matching errors may be as large as
2–4 px on the 0.1 m resolution orthomosaic. This equals to about 0.2–0.4m over the summer
period, i.e. 0.46–0.93ma−1.
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Figure 4.5:Manually digitized surface velocity measurements (n = 453) plotted against the three different frequency cross-
correlation outputs for the summer period (left) and the locations of the measurements plotted over an interpolated surface
obtained by ordinary kriging (right). The results of fitted linear models and mean velocity errors (MVE) are shown in the
inset table.

4.3.3 Seasonal surface velocities

Our finding of different flow velocities in summer and winter is notable, as velocity measure-
ments on debris-covered glaciers are rare (Quincey et al., 2009a). While it is possible that short-
term and unmeasured variations in velocitymay contribute to the overall differences, the seasonal
patterns point towards differences in flow regimes. During the summer period surface veloci-
ties of Lirung Glacier range from completely stagnant at the lower (southern) sections of the
terminus to ~6ma−1 at the upper (northernmost) surveyed area (Figure 4.6). Surface velocities
decrease gradually down-glacier to about 2ma−1 at the junction between south-eastward and
southward flow vectors. Due to this velocity gradient, longitudinal ice compression and a related
emergence velocity are expected to occur here, which coincides with the reported elevation gain
of +0.5m over the summer (Chapter 3). Although the south-eastward flow in summer in the
upper regions of the surveyed area is also reported by Naito et al. (1998), it is slightly unexpected
given the direction of the glacier and the differences with winter flow direction in the same area.
It may partly be caused by small horizontal deformations of the photogrammetric model and/or
a disturbance of the signal by moving moraine material. I find summer velocities for the Lirung
Glacier that are considerably lower than those reported by Naito et al. (1998). They state the
glacier had moved between 2.8 and 7.5m (≈ 6.5 and 18.0ma−1) in the middle part and between
1.9 and 2.5m (≈ 4.5 and 6.0ma−1) in the lower area over the period June–October in the years
1994–1996. In two decades the glacier thus seems to have reduced its flow velocity by about a
factor of two, though short-term velocity variations could contribute to this difference.

As opposed to the summer, the winter period shows a considerably different picture. Here, the
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high velocities for the upper area are absent and have reduced to about 2 to 3ma−1. Velocities
on the lower (southward-flowing) portion of the terminus are similar to those found in the
summer period. Combining and rescaling the summer and winter velocities, respectively valid
for 157 and 191 days, to full year values the upper portion of the surveyed area has velocities of
approximately 3.5ma−1 and velocities at the transition zone between upper and lower regions
are approximately 1.5ma−1.

The distinct contrasts between (a) the surface velocities for the upper and lower portions of
the terminus in the summer and (b) summer and winter velocity fields indicate the presence of
two different dominant flow regimes (Copland et al., 2009). I hypothesize that the faster flow
in summer is caused by basal sliding dominated processes while the lower velocities found in
winter and at the lower portions are mainly due to deformation. The large amounts of monsoon
precipitation and the opening of sub- and englacial conduits due to rising temperatures (Benn
et al., 2012) are likely to lubricate the base of the ice and introduce a basal sliding component
to the flow in the summer season. In areas where basal sliding dominates, the ice is expected to
move in a block-like motion with relatively high and constant velocities in the center and sharp
lateral velocity gradients (Copland et al., 2009). Transverse velocity profiles over the glacier
(Figure 4.6) show that there indeed is a difference between the summer and winter flow in terms
of lateral gradients. Especially near the northeastern ice boundary, the summer velocity profile
is reduced by 3ma−1 over a few tens of metres (profile A and B). The lateral winter velocity
variation generally shows a more parabolic pattern, as does the summer velocity at profile C.
This is usually associated with more deformation-dominated flow (Copland et al., 2009). Why
the basal sliding occurs only at the upstream area is not entirely clear, but it likely results from
increased driving stresses caused by thicker ice that is due to the regular avalanches and rockfall
from the steep slopes of the Langtang Lirung Peak to the northwest. This difference in ice
thickness may also play a role in the contrasting velocities found laterally, i.e. fast flow at the
western ice boundary and limited flow on the other side of the tongue.

Glacier ice flow is a complex process and is governed by a wide range of processes and forces
(van der Veen, 2013). Nevertheless, an improved understanding of the ice thickness of Lirung
Glacier and the local bedrock configuration underneath the ice will greatly contribute to a better
understanding of the flow patterns found in this study. Furthermore, it would provide the ability
to estimate mass turnover rates that are related to the flow velocities found. Ice thickness mea-
surements of the glacier were performed one and a half decade ago using radio echo-sounding
techniques (Gades et al., 2000), but the quality, resolution, specific locations and time period
of the measurements make them not particularly usable in this case. A new survey of Lirung
Glacier using ground penetrating radar would help to fill some of the gaps raised by this study.
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Figure 4.6: Surface velocity and flow direction obtained by noise-filtered frequency cross-correlation (W256 F64) for the
summer (left) and winter (middle) period. The plots on the right show transverse surface velocity profiles for both seasons
taken at the three indicated locations.

4.3.4 Value of UAV surveys

As the typical pixel size of spaceborne imagery that is suitable for glacier velocity monitoring is
often considerably larger than the seasonal or even annual displacements of Himalayan debris-
covered glaciers, data that span multiple years are generally required to extract meaningful ve-
locity signals (Herman et al., 2011; Kääb, 2005; Scherler et al., 2008). This renders the quantifi-
cation of seasonal variations in surface height change and velocities very difficult. Of course, this
is even more so an issue when flow velocities are relatively low, such as for many debris-covered
glaciers in the Himalaya (Quincey et al., 2009b). Although a high temporal resolution can be
achieved using in situ methods, they are unfeasible for high spatial resolution surveys of large
glacier surfaces as fieldwork on debris-covered glaciers is often difficult and time consuming.

The use of UAVs allows high-resolution continuous surfaces of the surface velocities of a single
season to be obtained. The techniques used here would also allow for large scale determination
of interannual flow. This will improve our understanding of the relations with local precipita-
tion and temperature perturbations, which will eventually lead to the ability to provide better
predictions of possible future changes in glacier volume under climate change scenarios. A deep-
ened knowledge of the smaller scale variations in flow, both spatially and temporally, also helps
to unravel the bigger picture of heterogeneous mass wasting and distribution of surface features
found on debris-covered glaciers (Chapter 3).
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4.4 Conclusions

In this study UAVs are used to acquire images of the debris-covered Lirung Glacier for May
and October 2013, and May 2014. The imagery is processed into orthomosaics and digital
elevation models using a structure from motion workflow and georeferenced using GCPs and
tie points. Displacements of the glacier surface are derived for both summer and winter using an
automated frequency cross-correlation algorithm, which is tested for sensitivity to input datasets
and parameters. From the study I draw the following conclusions.

Summer and winter surface velocities for Lirung Glacier are in the order of respectively 6.0
and 2.5ma−1 at the upstream part of the tongue. In the bend and at the lower areas of the
tongue both seasons show comparable slow flows of about 1.5 to 2.0ma−1 and stagnancy. The
differences in surface velocity and flow direction between the two seasons leads to the hypothesis
that the fast flow in summer is caused by basal sliding dominated processes while the lower
velocities found in winter are mainly due to plastic deformation. Transverse velocity profiles
over the glacier seem to confirm this hypothesis. For an improved understanding of the spatial
surface velocity differences and flow patterns of LirungGlacier found in this study it is important
learn more about its ice thickness and bedrock configuration.

The use of frequency cross-correlation techniques applied to high-resolution UAV imagery is
suitable to determine surface velocities of a debris-covered glacier. Displacements unrelated to
ice flow can largely be filtered out by the correlation method and any remaining noise can be
removed using post-correlation noise reduction techniques. In comparison to a manual digitiza-
tion technique both methods have similar accuracies taking into account the associated errors.
The continuous surface output that the correlator yields provides more detail, however, and the
method is less time-consuming.

It is found that using an orthomosaic as input for the correlation outperforms the use of a
hillshade or an edge detected DEM in terms of irregularly distributed output noise. The use of
different settings for the correlation algorithm does not alter surface velocities and flow directions
significantly. There are, however, subtle differences present and small window sizes give better
performance in terms of SNR, the retention of detail and the overall results in comparison with
manual digitization. However, displacements such as the melt of ice cliffs are not filtered out;
this requires the use of larger correlator windows which can result in loss of fine-scale detail.
Optimal settings for the input resolution are found to be an initial window size of 256 px with a
final window size of 64 px.

The use of UAV imagery and feature tracking algorithms allows determination of high-
resolution seasonal surface velocities, something not possible with most spaceborne remote sens-
ing techniques. Our approach yields insights into the smaller scale temporal and spatial variations
in glacier flow, and improves our understanding of heterogeneous mass wasting and surface fea-
tures found on debris-covered glaciers.
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Mapping surface temperatures

A layer of debris often accumulates across the surface of glaciers in active mountain
ranges with exceptionally steep terrain, such as the Andes, Himalaya and NewZealand
Alps. Such a supraglacial debris layer has a major influence on a glacier's surface energy
budget, enhancing radiation absorption and melt when the layer is thin, but insulating
the ice when thicker than a few cm. Information on spatially distributed debris surface
temperature has the potential to provide insight into the properties of the debris, its
effects on the ice below and its influence on the near-surface boundary layer. Here, we
deploy an unmanned aerial vehicle (UAV) equipped with a thermal infrared sensor on
three separate missions over one day to map changing surface temperatures across the
debris-covered Lirung Glacier in the Central Himalaya. We present a methodology
to georeference and process the acquired thermal imagery, and correct for emissivity
and sensor bias. Derived UAV surface temperatures are compared with distributed si-
multaneous in situ temperature measurements as well as with Landsat 8 thermal satellite
imagery. Results show that the UAV-derived surface temperatures vary greatly both
spatially and temporally, with −1.4± 1.8, 11.0± 5.2 and 15.3±4.7 ◦C for the three
flights (mean ± sd), respectively. The range in surface temperatures over the glacier
during the morning is very large with almost 50 ◦C. Ground-based measurements are
generally in agreement with the UAV imagery, but considerable deviations are present
that are likely due to differences in measurement technique and approach, and valida-
tion is difficult as a result. The difference in spatial and temporal variability captured by
the UAV as compared with much coarser satellite imagery is striking and it shows that
satellite derived temperature maps should be interpreted with care. We conclude that
UAVs provide a suitable means to acquire surface temperature maps of debris-covered
glacier surfaces at high spatial and temporal resolution, but that there are caveats with
regard to absolute temperature measurement.

Chapter based on:

Kraaijenbrink, P. D. A., J. M. Shea, M. Litt, J. F. Steiner, D. Treichler, I. Koch, andW.W. Immerzeel (2018). Mapping
surface temperatures on a debris-covered glacier with an unmanned aerial vehicle. Frontiers in Earth Science,
6(64), 1-19.
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5.1 Introduction

Around 10% of the total glacierized area in High Mountain Asia (Gardelle et al., 2013; Scherler
et al., 2011) is covered by a debris layer, but in terms of mass, a substantially larger amount of ice
is affected by debris. Especially in regions with many large debris-covered glacier tongues, such
as the Karakoram and Himalaya, the proportion of glacier ice mass that is covered by debris in
the ablation zone reaches ~40%. Consequently, future changes in water resources for heavily
glacierized catchments in the region partly depend on the long-termmelt rates of debris-covered
glaciers (Chapter 7).

Ice melt rate beneath a layer of supraglacial debris is a function of debris thickness (Mattson
et al., 1993; Nicholson &Benn, 2006; Østrem, 1959), withmelt enhancement under thin (.5 cm)
debris layers, and melt reduction under thicker layers (&5 cm). Debris is generally thin at higher
elevations and thickens down-glacier due to various processes, e.g. rockfall, (re)surfacing of
englacial debris and erosion of lateral moraine material (Evatt et al., 2015). In practice, however,
debris thickness and ice melt rates can be quite variable on small scales (Rounce & McKinney,
2014), resulting in heterogeneous thinning and the hummocky surface that is often observed on
debris-covered glaciers. Supraglacial ponds and ice cliffs, which are typical surface features for
this type of glacier, as well as supra- and englacial drainage also contribute to (spatially variable)
surface lowering (Chapter 3; Buri et al., 2016b; Miles et al., 2016; Sakai et al., 2000).

Surface temperatures derived from satellite-based thermal infrared (TIR) measurements have
been previously used to infer debris thickness by temperature inversion methods (Chapter 7;
Foster et al., 2012; Mihalcea et al., 2008b; Rounce & McKinney, 2014; Schauwecker et al., 2015).
Higher surface temperatures are assumed to correspond to thicker debris layers, as the insu-
lating effect of the debris shields the debris surface from the cold ice. However, the accuracy
of satellite-based surface temperature measurements has not been examined in detail for high-
altitude glacierized regions. Furthermore, the use of a single thermal image to constrain debris
thicknesses may result in significant errors as surface temperatures can evolve rapidly under
changing solar radiation, solar azimuth angle, and weather conditions.

Unmanned aerial vehicles (UAVs) offer the opportunity to measure surfaces of debris-covered
glaciers in high spatial and temporal resolution and this has been explored in recent years (e.g.
Chapter 3; Chapter 4; Chapter 6;Westoby et al., 2012). Ground-based thermal infraredmapping
of debris-covered glaciers has already been demonstrated (Aubry-Wake et al., 2015, 2017), but
the recent advances in UAV-mounted thermal cameras have not yet been explored for this type
of glacier.

The primary objectives of this research are to demonstrate UAV thermal mapping techniques
for the debris-covered glacier surfaces, and to pave the way for applied studies on the surface
properties and processes of debris-covered glaciers. Using Lirung Glacier (Figure 2.4) as case
study area, I outline a methodology to generate surface temperature maps using optical and
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thermal imagery, compare UAV measured temperatures against bias-corrected in situ surface
temperature measurements, and quantify spatial and temporal variability in observed surface
temperatures from both UAV and satellite-based thermal imagery.

5.2 Data and methods

5.2.1 Temperature measurements

Two main definitions of the temperature of a body can be distinguished (Becker & Li, 1995),
which are both measured differently. First, there is the thermodynamic temperature of a body
in thermal equilibrium, which can be measured by a thermometer for a given position in space.
Second, there is radiometric temperature, which corresponds to the radiance emitted by a surface
and is also referred to as skin temperature. It can be measured by a radiometer from a distance
given that the emissivity of the body is known. In the case of homogeneous, isothermal bodies,
the two temperatures agree. However, the situation is more complex for land surfaces with
small-scale roughness and a composition of various materials, such as moist gravel, or sparse grass
cover with exposed soil (Minnis & Khaiyer, 2000). This is particularly true under incoming solar
radiation during daytime, which heats up the surface (skin) of a body and creates temperature
gradients both within the body and at the body-air interface.

A temperature sensor placed on a surface will measure the micro climate surrounding the sen-
sor, whereas a radiometer will measure the temperature emitted by the skin of the body (radiant
temperature). Consequently, the two temperature measurements correspond best for shaded
surfaces or liquids with a submersed thermometer. Measurements may differ for thermometers
placed on sunlit surfaces or within a body with inhomogeneous temperatures (e.g. sand during
day time), and for radiometric temperatures if the atmosphere between the radiometer and the
radiance-emitting surface has a different temperature than the surface.

5.2.2 Outline of methodology

To produce and evaluate the UAV-derived surface temperature maps of the debris-covered
Lirung Glacier five main steps were performed:

1. On 30 April 2016, a UAV survey of the glacier was performed in which I collected optical
imagery. On 1 May 2016, thermal data was collected on three separate UAV surveys over
the course of the morning. The acquired imagery of both sensors were processed into
orthomosaics.

2. A correction for emissivity was applied to orthomosaics of radiant temperature to obtain
actual skin temperatures of the debris. For this, a spatially distributed emissivity map was
produced using object-based image classification of the optical data.
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Figure 5.1: Flowchart that shows the steps used to process the spaceborne, airborne and ground-based data into corrected
output products.

3. UAV-measured skin temperatures were evaluated against (1) in situ temperature measure-
ments taken at the time of the survey using a set of distributed temperature sensors (Tidbit
T-loggers), and (2) skin temperatures obtained with a hand-held thermal camera for a
single location on the glacier. Biases in the Tidbit T-logger measurements caused by
the micro climate from direct shortwave radiation on the sensors were determined in an
experimental setup and corrected.

4. The UAV temperature product and emissivity-corrected Landsat 8 data from comparable
conditions were compared to determine differences between UAV and satellite approaches
for obtaining surface temperature.

5. A statistical analysis was performed to assess the influence of solar insolation and local
topography on the warming of the glacier surface, and to determine which part of the
variability in the surface warming rate can be explained by other debris properties and
surface processes.

In the following sections the details of each step are given. A flowchart that outlines our method-
ology is provided in Figure 5.1.

5.2.3 Meteorology

Meteorological data from the Kyangjin automatic weather station (AWS), which is located
2.5 km south of Lirung Glacier at 3862 m.a.s.l (meter above sea level)(Figure 5.2), shows typ-
ical conditions for the time of the year for each of the surveys (Figure 5.3). Air temperature
ranges from close to freezing at night to about 10 ℃ in the afternoon. After sunrise, tempera-
tures rise very quickly because of the high incoming solar radiation found at this high elevation
and sub-tropical latitude. The radiation data shows there were no clouds in the morning and
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that winds picked up around noon (Figure 5.3), which are both characteristic for the site. For
the entire survey period there was no precipitation observed.

5.2.4 UAV surface temperature

Optical survey

On 30 April 2016 an approximately 2 km2 portion of the tongue of Lirung Glacier (Figure 5.2)
was surveyed using a fixed-wing eBee from UAV manufacturer SenseFly. The UAV was
launched from a point along the eastern moraine and was set to land in a meadow below. The
eBee was equipped with a Sony WX RGB (i.e. red-green-blue) compact camera with an 18.2
megapixel sensor. The camera’s shutter was electronically triggered by the UAV autopilot along
a predefined flightpath. Zoom, exposure and other camera settings were all controlled by the
flight management software provided with the eBee, i.e. eMotion2 (SenseFly, 2017a). Two
separate flights during clear skies and light winds were required to cover the entire survey area
(Table 5.1). The UAV was set to adapt its flight altitude to the (general) topography and capture
6 cm resolution imagery, which roughly equates to a flight altitude of 210 m above the surface.
Image overlap was set to 60% laterally and 70% longitudinally with respect to the flight direc-
tion. A total of 237 RGB images were captured by the camera. Flight paths and image locations
of the two flights are provided as supplementary data.

Thermal infrared survey

A ~0.4 km2 portion of the debris-covered tongue of Lirung Glacier (Figure 5.2) was monitored
using the eBee mounted with a thermoMAP thermal infrared camera (SenseFly, 2017b). The
uncooled microbolometer sensor of the thermoMAP has a relatively high resolution of 640×512
pixels and can measure surface temperatures between −40 and 160 ℃. Temperature resolution
of the sensor is 0.1 ℃ and it performs automatic temperature calibration in flight based on the
sensor’s internal temperature. The thermoMAP assumes an emissivity of the surveyed surface of
1, and thus captures images of radiant temperatures only. The peak spectral response of the sensor
lies at 10 µm, with a full width half maximum of approximately 5 µm (8.5–13.5 µm) (SenseFly,
2017b). The camera stores its imagery in uncompressed TIFF. I surveyed a considerably smaller
area than for the optical flights because the higher energy consumption of the sensor. Moreover,
on the contrary to optical UAV surveys, multi-flight surveys of the glacier are infeasible with a
thermal camera due to rapidly changing surface temperature conditions between flights. Off-
and on-glacier terrain could not be surveyed synchronously because of the low flight altitude
that is required for proper functioning of the thermoMAP (<120m from the surface) and the
high lateral moraines of the glacier (up to 100m).

The UAV was deployed over the survey area four times over the course of the morning on 1
May 2016 (Table 5.1) to acquire a spatio-temporal signature of the surface temperature. A first
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Figure 5.3:Meteorological data from the Kyangjin automatic weather station (Figure 5.2) for 30 April to 2May 2016. Panels
a-e show the air temperature, relative humidity, wind speed, shortwave radiation and longwave radiation, respectively. The
vertical lines indicate the times of the RGB and TIR surveys performed with the UAV, and the time of the Landsat 8 overpass
(Table 5.1).
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Table 5.1: Details of the optical and thermal UAV surveys, as well as the Landsat 8 thermal scene.

Date and time Weather Sensor Duration Altitude (m) Images Resolution
30-04-2016
10:10

Clear, light winds Sony WX RGB 00:18 210 134 0.06 m

30-04-2016
11:00

Clear, light winds Sony WX RGB 00:17 210 103 0.06 m

01-05-2016
06:15

Slight haze,
calm winds

thermoMAP 00:08 95 Failed flight -

01-05-2016
06:45

Slight haze,
calm winds

thermoMAP 00:23 95 2127 0.18 m

01-05-2016
09:20

Slight haze,
light winds

thermoMAP 00:15 95 2009 0.18 m

01-05-2016
10:35

Shade, slight haze,
medium winds

thermoMAP 00:15 95 2040 0.18 m

02-05-2016
10:32

Moderate haze,
calm winds

Landsat 8 TIRS - - - 100 m

flight was performed early morning before sunrise at 6:15, but the UAV lost radio contact and
returned without usable imagery. Subsequent successful flights of approximately 15 minutes
each were performed at 6:45, 9:20 and 10:35, which together collected 6176 highly-overlapping
thermal images. These flights will be referred to as Flight 1–3 hereafter. During Flight 1 there
was little to no incoming shortwave radiation (Figure 5.3), and most of the surveyed surface
was still in the shade, except for the western moraine. Flight 2 was performed during fully
sunlit conditions and an incoming shortwave radiation of approximately 600Wm−2. By Flight
3, air temperatures and incoming shortwave radiation had increased to 8 ℃ and 900Wm−2,
respectively (Figure 5.3). However, during the third flight there was intermittent blockage of
the sun by thin, local clouds. Flight paths and image locations of Flight 1–3 are provided as
supplementary data.

Ground control survey and processing

The eBee records coordinates for every image it takes using its GPS module with an accuracy
of about 5m. However, to georeference and co-register the high-resolution surveys performed
with the UAV, ground control surveys are required. Accurate measurement of the coordinates
of markers that will be visible on the captured imagery (e.g. Lucieer et al., 2013; Westoby et al.,
2012) yields ground control points (GCPs) that can be utilized in the image processing.

In this study I have deployed two different types of markers near or on Lirung Glacier. Prior
to the optical survey on 30 April a total of 20 rectangular pieces red fabric of approximately
1.0×1.2 mwere distributed over the lateral moraines of LirungGlacier (Figure 5.2). The planned
ground control survey on the eastern moraine of the glacier was not fully completed due to
time constraints imposed by changing weather conditions. For the parts of the moraine where
the survey could not be completed six virtual ground control points, or tie points (Figure 5.2),
were determined using georeferenced UAV imagery that was acquired in October 2015, using
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techniques similar to those described in Chapter 3.

For the survey with the thermal camera markers of different material were required, since
the striking contrast in visible light between the red fabric and the surrounding terrain is not
captured in the thermal infrared part of the spectrum. Markers are required with sufficient
contrast in the radiant temperature that is captured by the thermoMAP sensor. The relation
between radiant temperature and surface temperature is controlled by emissivity and incoming
longwave radiation (Li et al., 2013; Lillesand et al., 2015), and is given by Stefan-Boltzmann’s
law :

Ts =
4

√
σT 4

rad− (1− ε)LW↓

εσ
(5.1)

where Ts is surface temperature (K), Trad the radiant temperature (K), ε the emissivity, σ the
Stefan-Boltzmann constant (5.67×10−8), and LW↓ the incoming longwave radiation (Wm−2).
To obtain clear contrast on thermal imagery, it is therefore possible to use markers with con-
siderably different emissivity than the surrounding natural surfaces on the glacier (~0.87–0.98).
This was achieved by using 1.0×1.0m corrugated plastic squares wrapped in aluminium foil.
Aluminium has an emissivity of 0.03–0.07 (Lillesand et al., 2015) and will exhibit a low radiant
temperature relative to surrounding natural surfaces.

The center position of each marker (latitude, longitude, and elevation) was measured with a
Global Navigation Satellite System (GNSS); a base station and a rover that both consist of a Top-
con GB1000 antenna with a PG-A1 receiver. The base station was set up at a fixed position near
the outlet of the glacier (Figure 5.2) and was in operation during the entire ground control sur-
vey, whichwas performed on 29 and 30April 2016. I used the system in post-processed kinematic
mode and measured each marker for about 30 seconds. This particular system has a reported
geodetic accuracy of about ~0.2m in x, y and z (Wagnon et al., 2013). The measured points were
post-processed in Topcon Tools (Topcon Positioning Systems, 2009) and placed accurately in a
real-world coordinate system through a precise point positioning procedure (Zumberge et al.,
1997) to acquire the final GCP positions.

Optical imagery processing

Imagery acquired in the optical UAV survey was processed into image mosaics using the Struc-
ture from Motion with Multi-view Stereo (SfM-MVS) algorithm (Chapter 3; Carrivick et al.,
2016; Lucieer et al., 2013; Snavely et al., 2008; Szeliski, 2011; Triggs et al., 2007) implemented
in Agisoft Photoscan Professional 1.2.6 (Agisoft LLC, 2016). In this procedure, feature recogni-
tion and matching algorithms (Szeliski, 2011) are applied to the overlapping imagery to generate
high-resolution 3D point clouds of the glacier, which are accurately georeferenced using the
GCP coordinate information. The 3D-information from the point clouds was used to stitch
the imagery and apply orthorectification, i.e. correction of image distortion and parallax caused
by topographical variations and varying viewing angles of the UAV, and create an orthomosaic.
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The SfM-MVS procedure followed here is similar to as described in Chapter 6. The optical
orthomosaic was exported at 0.1m resolution and the point cloud was gridded into a 0.2m
resolution DEM.

The aluminium thermal markers were clearly identifiable both in the thermal imagery
(squares consistently below −10 ◦C) and optical imagery (distinctly bright squares). To improve
spatial co-registration of the optical image products with the thermal data, the GCPs designed
for the thermal surveys were also used to process the optical imagery. The use of thermal GCPs,
which are focused in the thermal survey area, ensures a high horizontal accuracy in the area
where it is required.

Thermal imagery processing

To process each of the three successful thermal surveys I used Postflight Terra 3D (version
4.0.104), which is SfM-MVS processing software provided by senseFly with the eBee (SenseFly,
2017a). It is a licensed derivative of the commercial SfM-MVS software suite Pix4D Mapper
Pro (Pix4D SA, 2017). Although Photoscan is the most commonly used SfM-MVS software in
geoscience applications (e.g. Chapter 3; Chapter 4; Chapter 6; Lucieer et al., 2013; Mallalieu
et al., 2017; Ryan et al., 2017, 2015; Turner et al., 2014; Watson et al., 2017), and it has also been
proven to work with thermal imagery (Turner et al., 2014), I chose to use Postflight because of
its seamless integration with the thermoMAP camera (SenseFly, 2017a).

For each of the flights, all available images were used as input in a photo alignment procedure
in Postflight. This procedure generates an initial point cloud and determines the orientation of
the camera for each photo. Equal to SfM-MVS processing of optical imagery, feature recogni-
tion algorithms were applied to match similar points on multiple images. Visual pre-selection of
images based on quality was not performed because the quality of the raw thermal imagery is
difficult to judge and because of the large number of images per flight. To achieve optimal out-
put, I ran the alignment procedure on the full resolution images and used a high image tie point
limit. Nevertheless, many of the images were discarded by the software in this first processing
step for all three flights, because insufficient tie points were found on certain image pairs. This
is most likely due to the relatively low contrast of the thermal imagery for the debris-covered
glacier surface. For Flight 1–3 a total of 800, 769 and 759 images (out of 2127, 2007 and 2038)
were maintained by Postflight for further processing, respectively.

Georeferencing of the thermal imagery was achieved by matching all available thermal GCPs
(Figure 5.2) visually on all the aligned images they appeared on. Themarkers were pinpointed vi-
sually in Postflight’s raycloud editor. The number of images to which a single GCPwas matched
ranged from 14 to 96. After the GCP matching, a point cloud densification was performed on
highest accuracy settings to create a thermal 3D model of the glacier surface. The model was
then gridded into an orthomosaic raster with a resolution of 0.3m.
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Image co-registration

Usage of the thermal GCPs in the SfM-MVS processing of both the optical and thermal UAV
imagery provides good geodetic accuracy of the datasets. However, small spatial displacements
on the order of a few decimeters between all four orthomosaics remain. To reduce those, the
data were shifted horizontally using the mean displacement of the imagery at the thermal mark-
ers with the GNSS-measured coordinates, which was determined visually in a geographical
information system. This provides a spatial match between the optical and thermal UAV prod-
ucts that is sufficiently accurate for emissivity correction of the thermal data. Implementation of
co-registration algorithms for multi-sensor imagery layers (Turner et al., 2014) can potentially
provide a better match and improved multi-band image analysis capabilities, but this is beyond
the scope of and requirements for this study. The accuracy of the eventual co-registration was
determined separately for each pair of orthomosaics from the displacements between the images
at the thermal markers, and error statistics were derived from this data.

Object-based emissivity correction

To obtain surface temperature maps from the radiant temperature orthomosaics an emissivity
correction must be applied (Li et al., 2013) using Equation 5.1. The debris-covered surface of
Lirung Glacier is spatially heterogeneous and within the thermal survey area there are large
boulders, gravel, sand, patches with dry shrubs, supraglacial ponds and ice cliffs. The geology
and consequently the supraglacial debris in this part of the valley largely consists of gneiss and
quartzite (Kohn et al., 2005). Since all these surfaces have different emissivities, spatially dis-
tributed emissivity data is required to derive an accurate surface temperature. Such data could
be acquired using in situmeasurements of emissivity, generally performed with the box method
(Sobrino & Caselles, 1993) or variants thereof (Rubio et al., 1997). However, such measurements
are time and energy consuming, and as a result not feasible during the field campaigns in our
remote study area. Therefore, I chose to estimate spatially distributed emissivity through image
classification of the optical orthomosaic with object-based image analysis (OBIA) and the use of
emissivity values (debris: 0.94, dry vegetation: 0.87, rough ice: 0.97, water: 0.98) reported in
literature (Lillesand et al., 2015; Salisbury & D’Aria, 1992).

OBIA is a classification method that is preferred over traditional pixel-based image analysis
methods when the objects of interest are multiple pixels in size (Blaschke et al., 2014). The OBIA
procedure consists of two main steps. First, imagery is segmented into objects, i.e. groups of
pixels that are spectrally homogeneous or that are part of a shape (Trimble, 2017). Second, the
generated objects are classified based on specific object features. These can be spectral statistics
of the pixels of which the object consists, but also object neighbour relations and object shape
(Blaschke et al., 2014).

Our OBIA procedure is performed entirely in eCognition Developer 9.3 (Trimble, 2017). In-
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put for the procedure are the optical orthomosaic and the DEM-derived slope. Both products
were resampled to 0.2m to match resolution. A single segmentation procedure was performed
generating a single object level, purely based on the three-band optical orthomosaic. To accu-
rately capture small patches of vegetation, small supraglacial ponds and exposed ice cliffs, the scale
of the output objects was chosen to be moderately small with respect to the image resolution,
i.e. an eCognition scale parameter setting of 25 (Trimble, 2017). For the actual classification of
the objects a two-step approach was implemented. First, I chose to classify water and ice cliff
objects visually, since accurate classification of these surface features requires sufficient training
data (Chapter 6) and there are only two relatively small ice cliffs with adjacent ponds in the
thermal survey area. Second, to distinguish between vegetation and debris a nearest neighbour
classifier was implemented in eCognition (Chapter 6; Trimble, 2017). For each class, a train-
ing set of 15 samples was selected randomly. The classifier was subsequently applied using the
five object characteristics that provided the largest class separability within the training set: blue
band mean, red band standard deviation, green band standard deviation, brightness range, and
mean slope. By evaluating the classification visually at 100 random points for each class, the clas-
sification’s producer accuracy, user accuracy and kappa coefficient (Lillesand et al., 2015) were
found to be 91.3%, 94.0% and 0.85, respectively.

To correct for emissivity through Equation 5.1, in situ observations of LW↓ were used. During
the surveys I measured LW↓ only at the Kyangjin AWS. However, meteorological data from
previous years (Buri et al., 2016b; Steiner & Pellicciotti, 2016; Steiner et al., 2015) and from recent
field campaigns reveal that it is higher over the debris-covered surface of Lirung Glacier than at
Kyangjin AWS due to longwave radiation emitted and reflected by surrounding steep headwalls,
lateral moraine slopes, and debris mounds. Comparison of on- and off-glacier LW↓ data from
multiple fields campaigns reveals an approximate additional 20Wm−2, which I used to offset
the Kyangjin AWS LW↓ data.

To estimate the effect of uncertainty in emissivity on the derived surface temperatures I have
applied a Monte Carlo sensitivity analysis. An ensemble of 1000 random emissivity samples per
surface type was drawn from a truncated normal distribution (0≤ ε ≤ 1) using a different mean
and standard deviation for each surface type (debris: 0.94±0.015, dry vegetation: 0.87±0.062,
rough ice: 0.97± 0.012, water: 0.98± 0.005, (mean±sd)). These were derived from sets of
emissivities for metamorphic rock, vegetation, rough ice and sediment-laden water (Salisbury
& D’Aria, 1992). For each ensemble member surface temperatures were calculated for each of
the three thermal flights and ensemble statistics were derived.

ThermoMAP bias correction

Surface temperatures derived from the thermoMAP sensor have a remaining dark current bias
that is due to the internal mechanics and calculations of the camera. The thermal response mea-
sured by an uncooled microbolometer sensor, such as from the thermoMAP, must be corrected
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with the internal sensor temperature (Ribeiro-Gomes et al., 2017), and this is performed auto-
matically in flight. The temperature is estimated at the beginning of each flight leg (for each
of the flights n = 24) by measuring the camera’s shutter with the sensor, and comparing this
with an internal thermometer (SenseFly, 2017b). However, if the internal temperature differs
greatly from 20℃ large deviations can start to occur, especially on long flight legs (pers. comm.
senseFly representative M. Montevecchio). Such a sensor bias is likely to be the case for our
study (relatively short flight legs, but air temperatures of 0–8℃ at Kyangjin AWS). In our case,
the potential biasing influence of the atmospheric column between the sensor and the ground
on the measured temperature (Li et al., 2013; Torres-Rua, 2017) is likely limited due to the dry
conditions, thin air and low flight height.

To remove the sensor bias it is required to know the skin temperature and emissivity of an
object that was captured in the imagery at the time of the survey. Due to the lack of dedicated
markers in our case, I assume that exposed clean ice is at the melting point of snow and ice
(0 ℃) during Flights 2 and 3, and use the mean difference between the emissivity-corrected
surface temperatures of a vertical clean ice band of one of the ice cliffs to calculate the sensor bias.
The resulting sensor bias has subsequently been removed from all three thermal orthomosaics
to obtain the final thermal imagery product. Note that this approach assumes that the bias is
constant over the range of measured temperature values, which is most likely not the case. The
required data to estimate the non-linearity of the bias is however unavailable.

5.2.5 In situ temperature measurements

Sensor placement

A total of 25 HOBO TidbiT v2 temperature loggers with an accuracy of ±0.2 ℃ (hereafter
referred to as Tidbits) were distributed on the surface of Lirung Glacier to validate surface tem-
perature estimates from the thermal UAV survey. The sensors were placed in a semi-regular
grid (Figure 5.2) on different surface types (Figure 5.4). Two Tidbits were submerged 5 cm in
the water of a supraglacial pond underneath a float of semi-rigid foam. Most sensors received
direct solar radiation for almost the entire day, but three Tidbits were placed into the shade to
shield them from solar radiation. All sensors were operational during the aerial surveys and set
to record temperature at a 5-minute interval.

Correction for solar radiation

Tidbit temperatures are overestimated when exposed to direct solar radiation due to the micro
climate generated. To correct for this, I ran reference experiments at two AWS sites, one in
Kathmandu and one in Langtang Valley. The Tidbit temperature measurements (Ttid) were
compared with surface temperature (Ts) as derived from incoming and outgoing longwave radi-
ation (LW↓ and LW↑) that was measured with radiometers (Apogee SI-111 and Kipp & Zonen
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CNR4), and using:

Ts =
4

√
LW↑− (1− ε)LW↓

εσ
(5.2)

Two types of surfaces were examined below the AWSs. Debris was artificially set up in the
experiment that was run inKathmandu, while naturally occurring dry vegetationwasmonitored
at the Kyangjin AWS in Langtang Valley (Figure 5.2). The artificial debris layer comprised
of a mixture of irregularly shaped concrete blocks, natural rocks and mud, which had a size
distribution representative for supraglacial debris and comparable emissivity, as concrete has
an emissivity of 0.92–0.94 (Lillesand et al., 2015). For practical reasons, the thickness of the
layer was shallower (5-10 cm) than what is usually found on Lirung Glacier, but it was thick
enough to completely cover the concrete substrate. For each surface type, ε was first set as the
value minimizing the difference between Ts and Ttid (∆T ), using night-time data only. As ∆T

increases with incoming shortwave radiation (SW↓), separate regressions for each surface type
were calculated using daytime observations where SW↓ >20Wm−2

Tcor = Ttid−aSW↓ (5.3)

where Tcor is the corrected Tidbit temperature and a the correction factor (Km2W−1). It is
assumed that with little or no direct shortwave radiation, i.e. at night, Ts and Ttid are equal, and
so the regression was forced through the origin. Additionally, since all our thermal UAV flights
performed between 6:45 and 10:50, Equation 5.3 only considers experimental observations col-
lected before noon, which limits the influence of temperature hysteresis caused by Tidbit lag.
Correction factors for the most suitable surface type were applied to the in situ temperature mea-
surements for the Lirung thermal surveys. Corrections were not applied to Tidbits that were put
in the shade or submerged in water, since these were not subjected to direct shortwave radiation.

SW↓ varies considerably spatially over the hummocky debris-covered surface of Lirung
Glacier because of varying aspects and shading effects that result from the small-scale surface
topography. To account for this in the correction, I modelled distributed SW↓ using the hemi-
spherical viewshed algorithm of Fu & Rich (1999) and a 30 cm resolution resampled DEM de-
rived from the optical UAV data. In the model, I used an effective atmospheric transmissivity of
0.42, which was determined by minimization of modelled and measured SW↓ at the Kyangjin
AWS (Figure 5.3). Any residual variability captured by the AWS as compared to the idealized
modelled SW↓ was superimposed on the modelled data.

5.2.6 Ground-based thermal imaging

To compare the UAV surface temperature measurements with independent radiometric mea-
surement, I have used a FLIR C2 (hereafter C2) compact hand-held thermal camera during
the UAV flights. The camera has a 80× 60 pixel uncooled microbolometer TIR sensor and a
640× 480 pixel optical sensor that take aligned images synchronously. The TIR sensor senses
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a b c d

Figure 5.4: Different types of surfaces on Lirung Glacier the temperature loggers were placed on or in: vegetation (a), fine
debris (b), coarse debris (c), and water (d). The pink ribbons were attached to the Tidbits to improve their discoverability.

objects of−10 to 150 ◦C in the in the 7.5–14 µm range, with a thermal sensitivity of 0.1 ◦C. The
accuracy of the sensor is ±2 ◦C at an outside temperature of 25 ◦C (FLIR Systems, 2017).

The C2 survey was performed at a single location during the entire survey (Figure 5.2). The
camera was mounted on a monopod that was fixed between debris, facing in west-southwest
direction at the largest largest ice cliff within the survey area. In the field of view of the camera
most of the ice cliff was visible, as well as parts of the adjacent supraglacial pond and the sur-
rounding debris. The shutter of the C2 was manually triggered at a semi-regular interval of 10
minutes between 06:40 and 11:09.

Radiometric thermal data and the optical images taken by the camera’s sensors were retrieved
using FLIR’s ResearchIR software. As a result of the relatively unstable monopod setup and
the manual triggering of the shutter, the captured imagery for the different time steps was not
perfectly coregistered. To coregister the data accurately, manual tie points were identified on the
optical imagery in a geographical information system, which were subsequently applied to both
the optical and thermal image sets. From the optical imagery, zones of different surface classes
were identified visually corresponding to those of the classified UAV data, but with an extra
distinction between clean and dirty ice. For each zone an emissivity correctionwas applied using
Equation 5.1 and the values reported in Section 5.2.4. For comparison of the data with UAV-
derived Ts, zones that correspond spatially to those defined on the C2 imagery were identified
visually on the UAV-derived orthomosaic.

5.2.7 Landsat 8 thermal infrared comparison

Medium resolution thermal infrared satellite imagery (e.g. Landsat 7 (60 m) (Rounce & McK-
inney, 2014), ASTER (90 m) (Foster et al., 2012; Mihalcea et al., 2008a,b) and Landsat 8 (100
m) (Chapter 7)) has been previously used to infer debris thickness using temperature inversion
methods. To get an impression of the accuracy and spatial detail of such spaceborne thermal
infrared imagery for analyses of the debris layer, I compared satellite and UAV-derived surface
temperatures.

For the comparison, surface temperatures of Lirung Glacier’s debris cover were esti-
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mated from Landsat 8 Thermal Infrared Sensor (TIRS) data. I used a Landsat 8 scene
(LC81410402016123LGN00) that was acquired on 2 May 2016 at 10:32 local time (Table 5.1),
one day after the thermal UAV survey. Although the original sensor resolution of the TIRS
instrument is 100m, the only data that is made available by the United States Geological Survey
comprises thermal imagery that is coregistered, geometrically corrected and resampled using
irreversible cubic convolution to match the 30m resolution of the satellite’s optical data (USGS,
2016). Uncertain weather conditions prevented us from performing theUAV and in situmeasure-
ments the same day as the Landsat 8 overpass, but atmospheric and meteorological conditions
during the morning of both acquisition days were generally comparable (Figure 5.3). Never-
theless, comparison of absolute temperature values of the two different products is inaccurate
because of three reasons: (1) a small amount of cloud cover was present during the final UAV
flight, which was not the case at the time of the satellite acquisition; (2) I observed slightly more
atmospheric haze on 2 May 2016, but I did not quantify changes in atmospheric transmissivity;
(3) Landsat 8 TIRS is affected by stray light, which can result in considerable overestimations of
the recorded radiance that are hard to correct (USGS, 2016). Comparison of spatial variability,
on the other hand, is still meaningful.

Surface temperatures were determined from the satellite’s band 10 by first calculating the
top of atmosphere brightness temperature from the Level 1 satellite product using the standard
procedure described by USGS (2016). A subsequent correction for emissivity was applied using
Equation 5.1 and the UAV-derived emissivity map, resampled to the satellite product resolution.
Comparison with the UAV-derived surface temperatures was performed by evaluating pixel
statistics of the UAV thermal data for each Landsat pixel.

5.2.8 Surface temperature and topography

To evaluate the influence of the small scale hummocky topography of Lirung Glacier on debris
surface temperatures, I have compared the mean warming rate over the entire morning (Kh−1)
with the modelled SW↓ and four DEM derivatives: aspect, slope, flow accumulation and high
pass filtered DEM (see next paragraph). For the analysis, I have fitted a random forest regres-
sion model with the warming rate as dependent variable and the five topography indicators as
independent variables. A random forest is a statistical machine learning algorithm that can fit
non-linear relations, is insensitive to overfitting, has no requirements on the statistical distribu-
tion of variables, and is largely insensitive to multicollinearity (Breiman, 2001). It is therefore
particularly suitable for this analysis. The algorithm can also provide a natural measure of vari-
able importance in model prediction as well as measures of total explained variance (Breiman,
2001; Louppe et al., 2013). These were used to determine to what extent solar insolation in
combination with topography is causing temperature change, and how much is unexplained by
different processes. The entire analysis was performed only for the actual glacier surface (Fig-
ure 5.6a), and using data resampled to 3 m (n = 33999) to reduce the required processing time
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for the random forest algorithm and to remove noise in both the surface temperature maps and
the DEM.

Aspect is closely linked to SW↓, since the amount of insolation at a point is directly related
to the solar azimuth and the local aspect. However, on the contrary to SW↓ it is not affected
by the viewshed at a point. It can easily be calculated from a DEM and does not require data
on surrounding topography, and is therefore of interest as a predictor of the warming rate.
Slopes (facing toward the sun) are exposed more directly to the sun than flat areas and may
be dryer, since water is expected to run off to lower areas. As a result, it could be that areas
of relatively high slope have an increased warming rate due to increased radiation, decreased
debris heat capacity, and less evaporative cooling. A flow accumulation map, or upstream area
map, indicates the size of the catchment upstream of a pixel. The larger the upstream area, the
higher the debris moisture content may be due to supraglacial runoff and the lower the warming
rate. Note that supraglacial melt water runoff also depends strongly on the configuration of the
englacial drainage network. A high-pass filtered DEM, here created for a large circular focal
window of 25 m, provides information on relative local elevation. That is, whether a point is
relatively high or low in comparision with it’s surroundings. Local depressions can be expected
to be more humid and cooler, whereas mounds and crests may be dryer and warmer.

5.3 Results

5.3.1 Tidbit correction and measurements

Radiometer-derived Ts (Equation 5.2) and Ttid showed considerable deviations for both reference
experiments (Figure 5.5). Temperature differences between the two methods (∆T ) were as high
as 10 ℃ over the course of the morning. The debris experiment performed in Kathmandu
revealed a more linear relation between ∆T and SW↓ than the vegetation experiment performed
near the study area at the Kyangjin AWS. There is more hysteresis for the latter, which is most
likely caused by evaporation of moisture from the vegetation and the top soil layers. The range
of SW↓ for the two experiments is considerably different because of the difference in altitude
(~1400 m and ~4000 m) and atmospheric pollution at the two reference sites. The regression
analysis of ∆T against SW↓ (Equation 5.3) resulted in correction factors a of 13.3×10−3 and
11.4×10−3Km2W−1 for debris and vegetation, respectively.

The Tcor values for the morning of 1 May 2016 reveal a large range in temperatures between
flights and between different surfaces (Table 5.2). During thermal Flight 1 (06:45), measured in
situ temperatures were generally just below freezing point with little variability between differ-
ent Tidbits. This is similar to air temperature observations at the Kyangjin AWS, which are just
above freezing point but measured 250m lower (Figure 5.3). As incoming radiation and tem-
perature increase over the course of the morning, Tcor increases considerably with mean values
up to 28 ℃ for vegetated surfaces. Water temperatures only changed slightly throughout the
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Figure 5.5: Difference between radiometer-derived and Tidbit-derived surface temperatures versus incoming shortwave
radiation for daytime measurements before 12 am. The two panels show the biases for an experimental debris layer in
Kathmandu (a) and natural vegetation present at below the Kyangjin AWS (b). The red lines show the linear regressions
that were used for bias correction of the Tidbits.

Table 5.2: Statistics of Tcor at the time of the thermal UAV flights for the four different surface types (mean ± sd).

Flight 1 Flight 2 Flight 3
Vegetation (n = 4) −0.5 ± 2.4 27.8 ± 5.5 27.0 ± 9.4
Debris (n = 16) −1.2 ± 1.9 15.0 ± 6.5 16.0 ± 6.1
Shade (n = 3) −0.1 ± 0.7 8.9 ± 5.3 16.4 ± 9.4
Water (n = 2) 0.4 ± 0.2 1.6 ± 0.1 1.8 ± 0.1

morning and shaded tidbits warm considerably slower than those in direct sunlight.

5.3.2 Image registration accuracy

After SfM-MVS processing of the optical and thermal UAV surveys I co-registered the imagery
by applying shift factors (x, y) for the optical survey (0.05m, 0.03m), thermal Flight 1 (0.18m,
−0.15m), thermal Flight 2 (0.14m, −0.16m) and thermal Flight 3 (0.13m, −0.15m) to opti-
mally match all orthomosaics with the GNSS-measured thermal GCPs. The root mean square
errors (RMSE) at the thermal markers show a considerable improvement after application of the
shift (Table 5.3). Before shifting, the thermal orthomosaics were already reasonably well regis-
tered with each other, despite completely independent processing of the three flights in Post-
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Table 5.3: Root mean square errors (m) of orthomosaic co-registration at the thermal markers locations (n = 17). Errors are
shown between the imagery and the GNSS-measured ground control points, and for every orthomosaic pair. The errors
between the orthomosaics before applying the horizontal shift are shown in parentheses.

GCPs Optical TIR F1 TIR F2
Optical 0.09 (0.11) -
TIR F1 0.19 (0.31) 0.18 (0.29) -
TIR F2 0.19 (0.29) 0.19 (0.29) 0.17 (0.18) -
TIR F3 0.19 (0.28) 0.18 (0.27) 0.17 (0.18) 0.03 (0.03)

a b c
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100 m

Figure 5.6: The input data used and the output data created in the emissivity estimation procedure: (a) the orthomosaic
and (b) digital elevation model that follow from SfM-MVS processing of the optical UAV data; (c) the object-based image
classification and (d) the final emissivity map used to calculate surface temperatures.

flight. The horizontal shift between the optical and thermal orthomosaics may thus be caused
largely by differences in processing and optimization algorithms between Photoscan (optical
data) and Postflight (thermal data).

5.3.3 Image classification and emissivity

The result of the object-based image classification is shown in panel C of Figure 5.6. The most
abundant surface type in the study area is debris with 92.3%, followed by vegetation (7.2%), ice
cliff (0.3%) and water (0.2%). Vegetation is mainly present on the western lateral moraine, and
not so much on the glacier surface itself. Using the classification and emissivity values reported
in Section 5.2.4, the emissivity map with mean emissivity of 0.93 was derived (Figure 5.6d).



88 Chapter 5

5.3.4 Thermal correction and imagery

The three final thermal orthomosaics that were corrected for emissivity and sensor bias are
shown in Figure 5.7. Due to the non-linear nature of Stefan-Boltzmann’s law and the spatial
distribution of emissivity, the emissivity correction is both spatially and temporally variable.
Mean corrections that were applied to the imagery of Flights 1–3 were in the order of 0.5 ± 1.3
℃, 0.8 ± 1.9℃ and 0.7 ± 1.9℃ (mean ± sd), respectively. The magnitude of mean sensor bias
was determined to be 7.5℃ (7.6℃ for Flight 2 and 7.4℃ for Flight 3) from the ice cliff surface
at melting point. The bias for the same ice cliff pixels for early morning Flight 1 is indeed less,
i.e. 4.6 ℃, indicating that the ice surface was not yet at melting point at that time. For the bias
correction the mean bias based on flight 2 and 3 was subtracted for all three flights.

Similar to the in situ measurements of Tcor, the magnitude of UAV-derived Ts varies greatly
over the morning, with temperatures for thermal Flights 1–3 (℃) of −1.4 ± 1.8, 11.0 ± 5.2 and
15.3 ± 4.7 (mean ± sd), 95th percentile ranges of −3.4 to 3.6, 4.0 to 25.7 and 8.6 to 27.5, and
maxima of 9.1, 43.0 and 49.7, respectively (Table 5.4). It is clear that in the early morning the
mostly shaded glacier surface has not yet warmed and surface temperatures have low spatial vari-
ability. Flight 2 shows a much warmer surface with high spatial variability. On the hummocky
debris-covered surface of the glacier there are warm areas that received greater insolation, e.g.
crests and slopes that face towards the azimuth of the rising sun, and colder parts in local depres-
sions and north-facing slopes (Figure 5.7b). The last flight, with the debris exposed to greater
and more evenly spatially distributed insolation under higher solar elevation angles, has overall
high values of Ts that are less spatially variable (Figure 5.7c). For all three flights there is a distinct
lateral trend in Ts that is directly related to the duration of insolation, with the western parts of
the glacier being exposed to the sun first. With respect to the different surface classes, debris and
vegetation are warmer than ice and water for all three flights, as expected. Remarkably, vegeta-
tion is consistently warmer than debris for all flights. This is likely due to its higher abundance
on the western moraine slope. Also worth noting is that ice is generally warmer than water,
which could be due to the dark debris film on large parts of the ice cliffs.

The sensitivity of Ts for variations in emissivity of the surface classes is limited (Table 5.4).
The standard deviations of raster average Ts for each Monte Carlo member in the ensemble
(n= 1000) for F1–F3 are only 0.33, 0.43 and 0.43℃, respectively. The uncertainty in the surface
temperature for vegetation only is considerably larger, as the emissivity of dry vegetation is more
uncertain (Section 5.2.4), emissivity is lower, and vegetation has the highest surface temperatures.
Ice and water, on the other hand, have relatively certain and high emissivities as well as generally
low temperatures, and consequently have low ensemble uncertainty.



Mapping surface temperatures 89

!

!

!

!!

!
!

!

!
!!

! ! !
!

!

!

!!

!
!

!!

!!

!

!

!

!!

!
!

!

!
!!

! ! !
!

!

!

!!

!
!

!!

!!

!

!

!

!!

!
!

!

!
!!

! ! !
!

!

!

!!

!
!

!!

!!

TIR survey
! T-loggerL0 100 m

a b c d

Surface temperature (°C)

|
-10

|
0

|
5

|
10

|
15

|
20

|
>25

|
-5

Figure 5.7: Emissivity and bias-corrected surface temperature orthomosaics of the three UAV flights on 1 May 2016 (a-c;
06:45, 09:20 and 10:35) and the brightness temperature of the Landsat 8 band 10 on 2 May 2016 at 10:32 (d). The black
rectangle in panel d indicates the extent of Figure 5.10.

5.3.5 Surface temperature comparison

Comparison of surface temperature derived from the Tidbits (Tcor) and from the UAV imagery
(Ts) for each of the three thermal surveys and for all Tidbits showed that the recorded temper-
atures were largely in agreement (Figure 5.8a). The data scatter mainly around the 1:1 line
and are generally the same order of magnitude (r = 0.93). The data of Flight 1 show the best
agreement with a mean TF1

cor and TF1
s of −0.9 and −1.6 ℃, respectively, and a RMSE of 0.9 ℃.

Note that of the three thermal flights, the Tidbit correction that was applied for this flight was
minimal because of low SW↓ in the early morning, and that the applied thermal sensor bias
correction was independent of TF1

s . The agreement between Tcor and Ts for Flight 2 is less, as
there were considerable overestimations of surface temperature by TF2

cor of over 10℃ for some of
the Tidbits. The RMSE for this flight was also considerably higher with 7.0 ℃. The last flight
of the morning shows again better agreement with an RMSE of 5.1℃. Tidbits that were put on
vegetation still have a considerable bias in this case, but especially those on debris show relatively
good agreement with RMSE values of 7.8 and 3.7 ℃, respectively.

Time series of a selection of the Tidbits (Figure 5.8b-e) for each surface type that have a good
match between Tcor and Ts show the variability in Tidbit temperature over the course of the
morning. Tidbits in direct sunlight clearly had fluctuating temperature profiles, while measure-
ments in the shade or in water are relatively stable and smooth over time. The temperature of
Tidbits directly exposed to the sun deviate considerably from Ts, but temperature measurements
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Table 5.4:Mean, standard deviation, 2.5 and 97.5 percentiles of Ts for the three UAV flights for the survey area and for each
class. The right column shows the ensemble standard deviation of the Monte Carlo emissvity sensitivity analysis.

Flight Class Mean SD P2.5 P97.5 Ensemble SD

1 All −1.4 1.8 −3.4 3.6 0.33
Debris −1.7 1.3 −3.4 1.5 0.33
Vegetation 2.8 1.9 −1.1 6.7 1.47
Water −2.9 0.3 −3.1 −2.3 0.20
Ice −2.8 0.4 −3.5 −1.9 0.01

2 All 11.0 5.2 4.0 25.7 0.43
Debris 10.2 3.9 4.2 19.8 0.43
Vegetation 22.2 5.7 8.3 31.8 2.28
Water 0.0 1.2 −0.9 3.7 0.20
Ice 1.4 2.0 −0.1 7.6 0.02

3 All 15.3 4.7 8.6 27.5 0.43
Debris 14.6 3.5 8.8 22.5 0.43
Vegetation 25.0 5.1 13.9 34.8 2.21
Water 0.3 1.6 −0.9 5.1 0.19
Ice 1.7 2.3 −0.2 9.1 0.02

in the shade and in water agree well. Therefore it is likely that the deviations between Tcor and
Ts can be largely explained by errors in the Tidbit measurements.

5.3.6 Ground-based thermal imagery

Time series with statistics for four zones of different surface type (Figure 5.9a) of the surface
temperatures derived from the C2 imagery (TC2

s ) are shown in Figure 5.9e. Similar to Tcor and
UAV-derived Ts, surface temperatures measured by the C2 are low in early morning at the start
of the time series (−7.4±0.7℃) and quickly rise as radiation increases. TC2

s for debris continues
to rise steadily until 10:00 when it reaches 19.9± 3.7 ℃, while for ice it stabilizes relatively
quickly to a temperature just below 0 ◦C, i.e. around the melting point of ice. Since the imagery
thus has very low sensor bias, no bias correction was required. Only a slight difference between
clean and dirty ice patches is present, as after 08:00 dirty ice has a mean temperature that is on
average 0.2 ◦C above that of clean ice. On the C2 imagery, the temperature for the supraglacial
pond (5.1± 3.8 ℃) rises to levels considerably above those of the ice, but remain well below
that of debris. After 10:00 all zones exhibit a decrease in surface temperature of ~2.5 ◦C, which
coincides with the thin local clouds that were observed during the last flight.

Figure 5.9f shows boxplots of TF1
s , TF2

s (Figure 5.9c) and TF3
s for the zones corresponding

to Figure 5.9a and b. Compared to early morning TC2
s , TF1

s appears to be considerably higher
with temperatures of −2.7±0.4℃. Note, however, that over the course of Flight 1 TC2

s rapidly
changes with a warming of about 5 ◦C, and that the C2-measured temperature right after the
flight at 07:10 is more comparable (−3.5±1.7℃). Contrastingly, temperature is 8 ◦C lower than
TC2
s in the late morning, with a TF3

s of 11.9± 1.8 ℃ for debris. Pond temperatures measured
by the UAV and by the Tidbits (Figure 5.8e) are consistently near freezing and lower than TC2

s .
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5.3.7 Landsat versus UAV

The Landsat 8 (L8) thermal imagery of 2 May 2016 that was processed into a surface temperature
map (TL8

s ) shows that the satellite image failed to capture any substantial spatial variation over
the area of interest (Figure 5.7). The pixel size of 30m of the Landsat 8 thermal data, which
is created by cubic convolution of the 100m raw product (USGS, 2016), results in substantial
smoothing and loss of detail as compared to the data obtained from the UAV. The raw data
product is unavailable unfortunately. While TF3

s had a total range of about 50℃, a mean of 15.3
and standard deviation of 4.7, TL8

s only ranges between 18.2 ◦C and 27.3 ◦C, with a mean of
22.0 ◦C and a standard deviation of 2.1 ◦C. The overall spatial pattern of TL8

s , however, appears
to match the pattern of TF3

s , with generally higher temperatures on the western side of the
glacier.

A more detailed view on both the UAV and Landsat data is presented in Figure 5.10, where
the same spatial subset of 240×240m is shown for both datasets. Here it is further evidenced that
the satellite image cannot capture the heterogeneity of Ts over a debris-covered glacier, and that
moderate scale features with distinctly low temperatures such as ice cliffs and supraglacial ponds
appear to have little to no effect on the temperature recorded by the satellite. Figure 5.10c shows
a scatter plot of TL8

s against TF3
s for each Landsat pixel over thermal survey area. Although there

is a significant correlation between the two products (r = 0.79), Ts found by the two different
sensors is considerably different, with a mean overestimation of TL8

s of 6.9 ℃. This may partly
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Figure 5.10: Comparison of a subset (extent denoted in Figure 5.7d) of Ts derived from Landsat 8 TIRS band 10 (2 May
2016 10:32; panel a) and from the thermal UAV survey (Flight 3, 1 May 2016 10:35; panel b). The grid overlay denotes the
30 m grid in which the Landsat data is provided. Panel c shows, for the entire extent of the UAV survey, a plot of Landsat
pixel values against mean UAV surface temperatures within those pixels. The whiskers denote ±1 sd of the UAV surface
temperatures.

be attributed to actual differences in surface temperature between the two days of acquisition,
since there were differences in Tair and SW↓ (Figure 5.3), and to differences in atmospheric
transmissivity. The overestimation of radiance at the sensor caused by stray light is also likely to
play a role, as it may result in biases of up to 5 ◦C for band 10 (USGS, 2016). Standard deviations of
TF3
s within each Landsat pixel (Figure 5.10c) show there is a very large variation in the relatively
small 30 m plots of debris-covered glacier surface.

5.3.8 Topography and surface temperature

The results of the random forest analysis that was used to evaluate the relation between topog-
raphy and surface warming rate are presented in Figure 5.11. Of the five DEM derivatives that
were analysed there were only two that showed a clear relation: aspect and SW↓. Pixels with
an east-facing aspect (45°–135°) warm significantly more (+1.0Kh−1) than west-facing pix-
els (225°–315°) (Figure 5.11g), a logical result as morning flights are analysed. North-facing
(315°–45°) and south-facing (135°–225°) pixels do show a difference in warming rate, but only
very moderately with 0.1Kh−1. A more distinct effect on surface warming is caused by SW↓,
although the variable also exhibits considerable residual variability (Figure 5.11k). Linear regres-
sion revealed that SW↓ alone explains 29.4% of the variance in the warming rate. The slope,
upstream area and local relative elevation are all shown to have very limited influence on the
warming rate (Figure 5.11l). In total, the combination of all independent variables can account
for 38.8% of the variance.

5.4 Discussion

5.4.1 Applications of thermal UAV imagery

The methods employed in this study reveal the possibility of capturing spatially distributed Ts
on a debris-covered glacier with unprecedented detail using a UAV equipped with a thermal
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infrared sensor. There are distinct spatial patterns in the output maps of Ts and the temporal
variability of temperature is captured well in the three flights that were performed. The spatial
variability in temperatures is partly explained by the complex local topography, as sunlit slopes
and big boulders will warm more than shaded slopes and local depressions, and by differences in
ground cover. The random forest analysis performed in this study shows that, of topography-
related variables, incoming shortwave radiation has the largest effect on the warming rate of the
glacier surface. In general, however, surface topography is unable to account for the majority
of the warming rate signal, as 61.2% of the variance remains unexplained. Consequently, spatial
variations in the glacier’s surface properties and processes seemingly play a large role in control-
ling debris surface temperatures. The high-resolution thermal imagery therefore has various
potential applications in the research of the debris-covered glaciers.

An obvious application of high-resolution thermal imagery is to inversely estimate debris-
cover thickness (Chapter 7; Foster et al., 2012; Gibson et al., 2017; Mihalcea et al., 2008b; Rounce
&McKinney, 2014; Schauwecker et al., 2015), since thickness is an important variable in the sur-
face energy balance of debris-covered glaciers (e.g. Collier et al., 2015; Nicholson & Benn, 2006,
2013; Ragettli et al., 2016b). As I show in this study, the UAV is able to capture spatial patterns and
heterogeneity in Ts (Figure 5.7, Figure 5.10). This would allow for detailed estimations of debris
thickness, which in turn may lead an improved understanding of small-scale glacio-hydrological
surface processes on debris-covered glaciers. The temporal information on Ts provided by the
repeat UAV surveys might be particularly valuable. Analysis of spatially variable warming rates
of the debris (such as presented in Figure 5.11), for example, may provide more detail on actual
debris thickness than a single image. Performing more flights over the course of the day and
increasing the temporal resolution would therefore be worthwhile.

Secondly, surface temperature imagery at such high resolution may reveal important insights
in the energy balance of a debris-covered glacier. The energy balance drives the melt of the
debris-covered tongues and several studies point towards a yet unexplained faster surface lower-
ing of the tongues of these glaciers than what can be expected based on the melt suppression by
thick debris (Azam et al., 2018; Gardelle et al., 2013; Kääb et al., 2012; Pellicciotti et al., 2015). It is
unclear whether this behaviour can be attributed to turbulent fluxes, supra-glacial features such
as cliffs and ponds, a reduced emergence velocity or other processes (Azam et al., 2018; Vincent
et al., 2016). Highly detailed information about the surface temperature provides LW↑, a term
often assumed to be spatially constant and only measured point-scale at a weather station (Reid
et al., 2012; Steiner & Pellicciotti, 2016). Our results show it is highly variable and will therefore
also explain a large part of the variability in net energy available for melt. In addition, the surface
temperature controls the sensible heat flux, which plays an important role in the energy balance
of debris-covered glaciers and ice cliffs (Buri et al., 2016a,b; Steiner & Pellicciotti, 2016; Steiner
et al., 2015). A comparison of thermal imagery collected before and after precipitation events
might also help identify the role of moisture in the debris layer and its effect on latent heat fluxes,
and lead to an overall improvement in turbulent flux parameterizations (e.g. Radić et al., 2017).
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Thirdly, thermal UAV imagery could be applied in understanding the surface and subsurface
hydrology. Englacial hydrology likely plays a key role in the drainage and transport of melt
water through the glacier to the outlet (Miles et al., 2017a), but the drainage paths are complex
and difficult to measure. With a combination of thermal imagery, optical imagery, and the
high-resolutionDEM, it may be possible to infer supraglacial (sub-debris) and englacial drainage
patterns.

5.4.2 Satellite-based surface temperatures

Spaceborne thermal infrared imagery has the advantage that, if atmospheric conditions permit,
Ts can be acquired relatively accurately for large spatial extents and remote areas (Li et al., 2013).
Currently, this is a limitation of UAVs, since it is infeasible to deploy them over large inaccessi-
ble areas on a regular basis. However, in the study of supraglacial debris, the distinct advantages
of thermal satellite imagery are largely counteracted by the inability of its moderate resolution
to resolve the spatial heterogeneity in Ts found over debris-covered glaciers (Figure 5.10). Al-
though the imagery can be used for coarse maps of debris thickness (e.g. Chapter 7; Mihalcea
et al., 2008b), surface melt varies considerably over smaller spatial scales, as indicated by the hum-
mocky surface of most debris-covered glaciers. The heterogeneity of surface elevation changes
(Chapter 3) and the thermal UAV data presented in this study further supports a high variabil-
ity of melt rates and possibly debris thickness. To better understand the local surface energy
balance and the processes involved, thermal imagery with a sufficiently high resolution, i.e. a
resolution finer than the spatial scale of the melt patterns, is required. An additional advantage of
the UAV is the possibility to deploy it synchronously with other in situmeasurements to acquire
complementary data.

In addition to the limitations imposed by sensor resolution, spaceborne thermal imagery is
unable to capture sub-daily temporal variations in surface temperature (with the exception of
very coarse-resolution geostationary meteorological satellites). The temporal variation observed
in Ts over the three UAV flights, shows us that the use of a single satellite image in the assessment
of the debris-layer could be an issue. Surface temperatures on debris-covered glaciers will vary
significantly with day of year, time of day, and cloud conditions prior to acquisition, and the
variability that occurs on short time scales (Figure 5.8b-e) will affect satellite-based analyses of
the debris layer.

However, further implementation of the method I present in this study in the research of
debris-covered glaciers does not only have the potential to improve our knowledge of small
scale debris-covered glacier surface processes. Together with more process-oriented studies,
more elaborate comparison of satellite and UAV data has the potential to improve the moder-
ate resolution spaceborne thermal products, spatially and temporally. Namely, development of
optical- or DEM-based downscaling of spaceborne thermal data using the UAV products could
provide a way to upscale our knowledge on small scale surface processes to the glacier or catch-
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ment scale, which will enable better assessments of the impacts future changes in debris-covered
glacier dynamics may have. Moreover, UAV data could prove valuable in the validation of ther-
mal satellite imagery of debris-covered glaciers.

5.4.3 Bias correction and errors

The presence of the sensor bias of 6.9 ◦C reveals difficulties in the determination of absolute
debris temperatures with the thermoMAP. The sensor bias correction I have applied is based
on the assumption that clean ice cliff surfaces will be at melting point and thus 0 ◦C during
Flight 2 and 3. This is a reasonable assumption, but admittedly there are uncertainties regarding
its usability. For instance, atmospheric variability, such as air temperature and water vapor
content, may affect the bias over time (Torres-Rua, 2017). It was not taken into account because
of a lack of accurate data of the atmospheric column over the glacier that is required for such
a correction (e.g. Li et al., 2013; Perry & Moran, 1994; Torres-Rua, 2017). The potential effect
on the measurements is likely limited, however, due to the relatively shallow column of about
90m and the generally dry air (Figure 5.3). The Tidbit measurements and the independently
corrected Flight 1 thermal data are in relatively good agreement (Figure 5.8a), and the FLIR C2
data reveals stabilization of ice cliff temperatures at the melting point (Figure 5.9). I therefore
have confidence that the magnitude of the applied bias correction is correct, but it is impossible
to determine this with high accuracy. Future efforts in determining the bias may be improved
by deploying additional markers on the glacier with known emissivity and known temperature,
measured by a well-calibrated hand-held thermal infrared sensor. Preferably these would be
distributed over a range of different surface temperature to evaluate non-linearity of the bias.

5.4.4 Temperature measurement comparisons

The experiments performed to determine Tidbit temperature overestimation under incoming
solar radiation revealed a clear and distinct relation of ∆T with SW↓ for both reference surfaces.
Comparison of Tcor with UAV-derived Ts on the other hand, shows deviations between both
datasets, especially under higher temperatures (Figure 5.8a). One of the probable causes is insuf-
ficient Tidbit bias correction, indicated by much better performance of Tidbit measurements in
the shade and water. Also, the correction of near-surface temperature measurements uses only
two correction slopes that will not work equally accurate for all surfaces on which the Tidbits
were placed, because of slight variations in surface type, moisture content, shading, and indirect
radiation among others.

Probably most important in this case, however, is that the thermodynamic temperature mea-
sured by the Tidbits is different from the skin temperature measured radiometrically by the UAV
(Section 5.2.1), and a direct comparison of the two temperatures is not entirely fair. The Tidbit
measurements are greatly affected by a micro climate that develops within the plastic casing of
the Tidbit sensor, which will heat up differently than the skin of the underlying surface that
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is measured by the UAV. This mismatch is expected to be of different magnitude for different
surface types. Ground-based radiometric measurements with a hand-held TIR sensor are bet-
ter suited to validate the UAV-derived Ts (e.g. Turner et al., 2014). This is not trivial, however,
since for proper validationmeasurements would have to be performed at the time of the survey at
multiple locations within a UAV survey area, which is practically infeasible on a debris-covered
glacier. Furthermore, such comparisons are also subject to uncertainties (Ribeiro-Gomes et al.,
2017), as is also shown by the skin temperatures measurements made using the FLIR C2.

TC2
s is considerably lower than UAV-derived Ts in early morning, which may partly be at-

tributed to the uncertainties in exact timing of the UAV images. That is, the UAV imagery is
captured over a ~15 minute timespan in which Ts can rapidly change. Unfortunately, the flight
pattern of the UAV (supplementary data) in combination with the SfM-MVS orthomosaicking
makes it impossible to know the exact measurement time of each pixel in our setup. Improving
the timing of UAV to ground-based data is advisable. It could possibly be improved by captur-
ing ground-based thermal video instead of images, as this would ease syncing. While lower at
the beginning of the survey in early morning, TC2

s for debris is considerably higher than TF2
s

and TF3
s . This is likely explained by the difference in camera angle, i.e. forward looking (C2)

in comparison with nadir (UAV). The C2 imagery was taken in west-southwest direction and
consequently the east faces of boulders, which heat up first, were in view. The UAV captures
the entire surface including the colder west faces, leading to a lower average Ts. The viewing
angle of a thermal camera has a considerable effect on the emissivity of an object. For instance,
viewing angles of 70° for water lower the emissivity to about 0.89 (Sobrino & Cuenca, 1999)
and thereby increase reflectivity, since these are inversely related. This is likely the cause of the
higher temperature readings of the C2 for supraglacial pond class, since the angle between the
sensor and the pond normal was very large. Primarily the part of the pond located center right
on the image (Figure 5.9c) has an increased temperature, which could originate from reflected
thermal infrared signal of the debris face behind.

5.5 Conclusions

In this study I present a method to map the surface temperatures of a high-elevation debris-
covered glacier using a thermal infrared sensor mounted on a UAV. From our study and method
development I draw the following main conclusions:

• Thermal surveys from UAV platforms provide an easy and reasonably quick method to
acquire high-resolution and multi-temporal temperature maps of the surface of debris-
covered glaciers.

• Obtaining absolute temperatures of the glacier surface using UAV-based thermal imaging
is difficult, and it is important to have accurate ground control with reference temperatures
and emissivity to improve accuracy of the results.
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• The temperature of the debris layer on Lirung Glacier is temporally highly variable, with
temperatures ranging from near-freezing to about 50 ℃ over the course of four hours.
Spatially, surface temperatures are highly heterogeneous.

• Much of the spatial heterogeneity in surface temperature is not captured in Landsat 8
thermal imagery, and satellite revisit times prohibit the acquisition of diurnal temperature
variations. Satellite image analyses of small to moderate scale debris thickness and surface
energy balance should therefore be performed thoughtfully and may benefit greatly from
statistical downscaling using UAV data.

• High-resolution, multi-temporal thermal mapping of debris cover has the potential to
improve analyses of debris thickness, surface hydrology, and turbulent fluxes, thereby
improving the understanding of the surface energy balance of the debris layer and the
glacier surface.
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6
Automatic surface feature detection

Debris-covered glaciers in the Himalaya may have spatially-averaged rates of surface
height change that are similar to those observed on bare-ice glaciers, despite the in-
sulating effects of thick debris. Spatially heterogeneous melt patterns caused by the
development and evolution of ice cliffs and supraglacial pond systems result in sub-
stantial mass losses over time. However, mechanisms controlling the formation and
survival of cliffs and ponds remain largely unknown. To study the distribution and
characteristics of these surface features I deploy an unmanned aerial vehicle (UAV)
over a stretch of the debris-covered Langtang Glacier, Nepal. Acquired images are
processed into high-resolution orthomosaics and elevation models with the Structure
from Motion (SfM) photogrammetry algorithm. Ice cliffs and ponds are classified us-
ing object-based image analysis (OBIA) and their morphology and spatial distribution
are analysed and evaluated using object, pixel and point cloud approaches. Results
show that ice cliffs are predominantly north-facing, and larger ice cliffs are gener-
ally coupled with supraglacial ponds, which may affect their evolution considerably.
The spatial distribution of ice cliffs indicates that they are more likely to form in areas
where high strain rates are expected. The spatial configuration of ponds over the entire
tongue reveals high pond density near confluences, possibly due to closure of conduits
via transverse compression. I conclude that the combination of OBIA and UAV im-
agery is a valuable tool in the semi-automatic and objective analysis of surface features
on debris-covered glaciers. The technique may also have potential for upscaling to the
use of spaceborne imagery, and the use of UAV-derived point clouds to analyse ice cliff
undercuts is promising.

Chapter based on:

Kraaijenbrink, P. D. A., J. M. Shea, F. Pellicciotti, S. M. De Jong, and W. W. Immerzeel (2016). Object-based
analysis of unmanned aerial vehicle imagery to map and characterise surface features on a debris-covered
glacier. Remote Sensing of Environment, 186, 581-595.
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6.1 Introduction

Glaciers are an important component of the rivers in HighMountain Asia (HMA) that provide a
large number of people with water for irrigation, electricity production, sanitation, and religious
practices (Immerzeel et al., 2010). With the exception of the Karakoram, glaciers in HMA have
experienced negative glacier mass balances over the past decades (Bolch et al., 2012; Gardelle
et al., 2012; Kääb et al., 2012, 2015). Sustained negative mass balances have resulted in a decreased
volume of ice stored in these mountain ranges. Under current climate projections, accelerated
glacier mass loss and increased glacier melt water runoff are expected in the coming decades
(Shea et al., 2015). Towards the end of this century, however, the reduction in glacier area and
volume will result in decreased ice melt contributions to streamflow (Immerzeel et al., 2013).

To increase our ability to predict and adapt to these future changes induced by climatic change,
it is key tomore about themelt processes of glaciers in this region. Debris-covered glaciers in par-
ticular, which account for about 10% of the glaciers in HMA (Bolch et al., 2012), are relatively
understudied because of difficulties in both accessibility and the collection of in situ measure-
ments. Very thin layers of supraglacial debris will enhance ice melt, but buried ice is insulated
from melt once a critical debris thickness of a few centimetres is reached (Mattson et al., 1993;
Østrem, 1959; Reznichenko et al., 2010). Spatial variability of debris thickness (Nicholson &
Benn, 2013) and properties such as albedo, roughness, porosity and moisture content, further
complicate the effects of debris cover on local glacier melt (Evatt et al., 2015). The lower eleva-
tions of debris-covered glaciers, i.e. the areas where melt rates are typically greatest for bare-ice
glaciers, generally have thick debris which thins upglacier (e.g. Anderson & Anderson, 2016;
Nicholson & Benn, 2013; Rounce et al., 2015). Supraglacial debris should consequently have an
overall melt-reducing effect. However, several studies report that debris-covered glaciers in the
Himalaya have elevation change rates similar in magnitude to uninsulated, bare-ice glaciers in
the same region and at the same altitude (Gardelle et al., 2013; Kääb et al., 2012).

This debris-cover anomaly (Pellicciotti et al., 2015) may be linked to ice cliffs that form on
debris-covered glaciers (Figure 6.1) and provide a mechanism for high melt rates because of
their low albedo and surface exposure (Sakai et al., 1998). Recent studies confirm that the ice
cliffs accelerate melt locally (Chapter 3; Buri et al., 2016b; Miles et al., 2016; Reid & Brock, 2014;
Steiner et al., 2015). However, their exact effects on and interplay with larger scale glacier melt
dynamics are still largely unknown.

Ice cliffs on debris-covered glaciers are thought to form in three different ways: slumping
of debris from steep slopes, calving into supraglacial ponds or by the collapse of englacial voids
(Benn et al., 2012). Once ice becomes exposed, a positive surface energy budget will result in
ice melt and backwasting of the cliff. The main components of ice cliff energy budget include
both direct and diffuse solar radiation as well as longwave radiation from the atmosphere and
surrounding debris (Sakai et al., 2002). South-facing ice cliffs (in the northern hemisphere)
generally disappear quite quickly after their formation (Buri et al., 2016b; Steiner et al., 2015). It
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is hypothesized that bases of such ice cliffs receive less incoming solar radiation than the tops of
the cliffs and experience less ice melt. This causes slope relaxation and eventually burial by debris
when the slope becomes less than about 30°(Sakai et al., 2002). In contrast, north-facing cliffs
do not experience direct solar radiation because of shading by the cliff itself. The surface energy
budget is thus composed mainly of diffuse shortwave radiation and longwave radiation from the
surrounding debris and the atmosphere. Because the debris-view factor (Reid & Brock, 2014) is
larger at the base, north-facing cliffs experience more incoming longwave radiation there which
tends to steepen and sustain the cliffs (Buri et al., 2016b; Reid & Brock, 2014; Steiner et al., 2015).

Figure 6.1: Photograph of an ice cliff on Langtang Glacier with an adjacent, partly-drained supraglacial pond typically
found on debris-covered glaciers in the Himalaya (Photo: Joseph Shea).

Some ice cliffs have adjacent supraglacial ponds, i.e. water bodies of a similar scale as the ice
cliffs that touch the base of the exposed ice (Figure 6.1). Observations show that these ponds
fill and drain over time (e.g. Chapter 3; Benn et al., 2000; Gardelle et al., 2011; Roehl & Röhl,
2008;Wessels et al., 2002). Ponds may be filled by surface runoff, englacial conduits, or cliff melt,
and drainage occurs via conduits (Benn et al., 2012; Gulley & Benn, 2007). Total pond area on
debris-covered glaciers is largest at the onset of the melt season, because of snow and ice melt.
As the melt season progresses, and water is transported through the englacial hydraulic system,
the drainage efficiency increases (Miles et al., 2017c). Energy stored in the water is transferred
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to the surrounding ice, conduits are enlarged, and englacial conduit collapse could lead to the
formation of ice cliffs (Miles et al., 2016). Changes in the hydrological regime from a slow
distributed drainage to fast channelised drainage also has consequences for glacier velocity and
deformation (Bjornsson, 1998; Hewitt, 2011; Mair et al., 2010) and may therefore also contribute
to the difference in pond outflux between the seasons.

When water is in contact with an exposed ice cliff, energy is transferred from the water to
the cliff face through two processes. Firstly, the density/temperature relation of water causes
pond circulation and promotes melt along the ice-water interface through this free convection.
Secondly, wind fetch may force currents that drive thermal erosion of the exposed subaqueous
ice surface (Miles et al., 2016; Sakai et al., 2009). These processes result in thermal undercutting,
notch development, and ice cliff calving (Röhl, 2006).

In recent years there have been many developments in the use of unmanned aerial vehicles
(UAVs) for environmental monitoring. As the technology has advanced, their use has become
a viable option for scientists to perform detailed remote sensing surveys. At present, UAVs are
being used in an increasing number of fields of natural sciences (Colomina & Molina, 2014),
and have been proven to be exceptionally useful and a promising tool in glaciology (Chapter 3;
Chapter 4; Bhardwaj et al., 2016; Ryan et al., 2015; Westoby et al., 2012, 2016; Whitehead et al.,
2013). For debris-covered glaciers, UAVs offer a valuable addition to traditional measurements.
Although capable of measuring the true glaciological mass balance, glaciological mass balance
measurements on debris-covered glaciers (e.g. Vincent et al., 2016) require the installation of
ablation stakes through a debris layer, which disturbs the surface. The spatial and temporal
resolution of spaceborne remote sensing imagery is typically too coarse to study glaciers in
detail. Satellite revisit periods can be considerable and atmospheric disturbances and clouds can
render image scenes useless (Lillesand et al., 2015). UAV imagery fits a gap here as it allows the
acquisition of on-demand, high spatial and temporal resolution imagery for continuous surfaces
on a medium spatial scale of up to several square kilometres. Overlapping images acquired by
UAVs can be used to create highly-accurate 3D-models and orthorectified image mosaics using
Structure from Motion (SfM) photogrammetry (Snavely, 2008, 2011; Szeliski, 2011). UAV data
are therefore valuable for debris-covered glacier studies, including surface feature morphology
(Brun et al., 2016) and energy balance modelling (Buri et al., 2016b).

Traditionally, remote sensing image classification and image entity extraction is done using
pixel-based image analysis (PBIA). Every pixel is evaluated and grouped together on the image
level by means of statistical clustering of pixel values, with or without the use of training samples
in the clustering process (Lillesand et al., 2015). When pixel sizes are similar in size or coarser
than the entities of interest PBIA is the preferred technique. On the other hand, when deal-
ing with high spatial resolutions the analysis of objects that are constructed by multiple pixels is
preferred (Blaschke, 2010; Blaschke et al., 2014). This object-based image analysis (OBIA) re-
quires the segmentation of an image into near-homogeneous groups of pixels, i.e. objects (Baatz
& Schäpe, 2000). This is performed by growing objects, starting from a pixel-scale, and itera-
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tively merging themwith neighbours. The merges are directed by relative object heterogeneity
and internal homogeneity criteria that are based on weighted spectral and shape characteristics
(Trimble, 2015). OBIA techniques thus have important advantages compared to traditional pixel-
based methods, and are much closer to how we as humans observe the world around us.

The set of objects that result from OBIA segmentation provide great advantages compared
to the pixel clusters available in PBIA. Namely, polygonal objects can be analysed to provide
more than just spectral information. Spatial, contextual, hierarchical and textual attributes of the
objects allow for highly complex image analyses and classifications that can improve classification
accuracy (Blaschke et al., 2014; Liu & Xia, 2010; Robson et al., 2015). As the objects consist of
groups of pixels, statistical properties of each of the objects’ pixel population are also available
for analysis. Moreover, multiple sources of pixel data can be used simultaneously in OBIA in
both the segmentation and analysis stage, e.g. optical and elevation data. Actual classification of
objects is performed via two main strategies or a combination of them: (i) by statistical classifiers
such as nearest neighbour or a random forest, or (ii) by rule-based classification (Lillesand et al.,
2015). A difficulty with OBIA is the selection of object scale in the segmentation procedure
(Addink et al., 2007; Gao et al., 2011). There is the possibility of over- and under-segmentation,
i.e either too small or too large objects with respect to the features of interest, which can result in
reduced classification accuracy (Liu & Xia, 2010). Methods have been developed to mitigate the
effects and provide more objectivity to the segmentation (Drgu et al., 2014), which is especially
valuable for the classification of large scale areas with different entities of different sizes.

In glaciology, there have been relatively few studies that utilize OBIA. The technique has so
far been used to map glacier extents (Ardelean et al., 2011; Bajracharya et al., 2015; Karimi et al.,
2015; Nie et al., 2010; Nijhawan et al., 2016; Rastner et al., 2014; Robson et al., 2016, 2015), glacial
lakes (Nie et al., 2013; Qiao et al., 2015), icebergs (Foga et al., 2014) and glacial landforms (Eisank
et al., 2011) from satellite imagery using mostly rule-based classification strategies. Most studies
combine different types of data, e.g. optical, thermal, radar and elevation, and show that such
a strategy improves the classification. Rastner et al. (2014) noted that glacier outlines mapped
using OBIA have an overall higher quality than those obtained by PBIA. In particular, they find
that contextual OBIA resulted in a 12% improvement in accuracy.

For the delineation of surface features on the almost exclusively gray-shaded surfaces of debris-
covered glaciers OBIA may be preferable to PBIA. Spectral contrast between different surface
elements is low and thus analysis of shape is key. Considering high-resolution UAV data this is
particularly true, as its pixel size of a few centimetres is considerably smaller than the features of
interest that are usually in the order of tens of meters. A study by Watson et al. (2016a) suggests
that this idea is valid as they successfully mapped supraglacial ponds on a debris-covered glacier
using OBIA of high-resolution satellite imagery.

In this study I analyse the spatial distribution of ice cliffs and supraglacial ponds on the lower
part of the debris-covered Langtang Glacier in Nepal (Figure 2.7). The features are delineated
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by OBIA of UAV-acquired data of May 2014. I then systematically analyse the features based
on their geometric characteristics and spatial configuration. Additionally, I use a satellite im-
age to perform an analysis of pond presence on the entire debris-covered tongue of the glacier
(Figure 2.2). Our study has two main objectives:

• To test whether quantitative data on ice cliffs and supraglacial ponds can be extracted from
high-resolution imagery using a semi-automatic object-based classification approach.

• To examine the distribution and morphology of these features on Langtang Glacier and
discuss their formation, dynamics and relation to the overall glacier dynamics.

6.2 Data and methods

6.2.1 UAV survey

A 3 km long section of the snout of Langtang Glacier was surveyed by UAV on 7 May 2015
during clear conditions and relatively soft winds. To cover a glacier surface area of 2.7 km2

(Figure 6.2), two 25-minute flights were performed with the eBee (SenseFly, 2015), a fixed-
wing UAV produced by the Swiss company SenseFly. The UAV was launched from the western
moraine and was programmed to land in a nearby field.

In flight, the UAV followed waypoints of a predefined flight plan at an altitude of approx-
imately 200 m above the take-off elevation (4580m) using its built-in GPS. The flight plan
allowed for lateral and longitudinal overlaps of ~60% and 75% respectively, and a ground reso-
lution of ~6 cm per pixel (px). The camera mounted for the survey was a Canon IXUS 127 HS
compact camera carrying a 16 megapixel sensor. The focal length of the camera’s zoom lens was
set to its widest setting of 4.3mm to increase image overlap and reduce the number of required
photos and flight time. The camera’s uncalibrated RGB images are stored in the JPEG format. In
total the UAV acquired 286 separate images of which seven were discarded after visual inspection
because of poor image quality, i.e. exposure or motion blur issues.

In order to improve the geodetic accuracy of the output product during processing, 16 ground
control points (GCPs) in the form of 1.0×1.2m pieces of red fabric were distributed on the
lateral moraines beforehand (Figure 6.2a). The coordinates of the centre of the markers were
measured using a differential global positioning system (dGPS), i.e. a Topcon GB1000 antenna
with a PG-A1 receiver. This particular system has a reported base station accuracy of ~0.2m in
x, y and z (Chapter 3; Chapter 4; Wagnon et al., 2013).

6.2.2 UAV data processing

Images from theUAV survey (n= 279) were processed using SfM as implemented in the software
package Agisoft Photoscan Professional version 1.1.6 (Agisoft LLC, 2014). In the workflow
(e.g. Chapter 3; Chapter 4; Lucieer et al., 2013; Westoby et al., 2012), feature recognition and
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matching algorithms are applied to the input set of overlapping images to generate a sparse point
cloud via bundle adjustment (Szeliski, 2011). Camera positions and orientations, initialised by
GPS coordinates recorded by the UAV for every image, are also solved in these calculations
using the very high image overlap.

The sparse point cloud was cleaned from poorly localised points and false matches by thresh-
olding the point reprojection error, i.e. the distance in pixels between a projected point and
a measured one (Agisoft LLC, 2014). All points that were localised with an error larger than
0.6 pxwere removed from the cloud. Accurate georeferencing of the output product in an abso-
lute coordinate system is achieved by introducing the dGPS-measured GCPs and adjusting the
sparse point cloud accordingly. In contrast to traditional photogrammetry, this is done after the
bundle adjustment in SfM (Fonstad et al., 2013).

Using the optimised camera positions and the image data itself, multi-view stereo techniques
(Westoby et al., 2012) were applied to produce depth information per image and a dense 3D
point cloud of the glacier surface. The dense point cloud was used to construct a gridded DEM
(Figure 6.2c) with a resolution of 0.2m by averaging the points within a pixel. Additionally,
the elevation information was used to create an orthomosaic with a resolution of 0.1m (Fig-
ure 6.2b). All processing steps in Agisoft Photoscan, i.e. feature matching, bundle adjustment
and densification, were performed with the quality settings set to high to achieve an optimal
balance between required processing time and output accuracy.

The geodetic accuracy of the DEM and the orthomosaic was estimated by measuring the
difference between the GCP coordinates and their positions on the output orthomosaic (x,y) and
DEM (z) in a geographical information system (GIS). Unfortunately, because of the inaccessible
terrain it was not feasible within the weather window to place additional independent GCPs
that could be used for accuracy checks, as all the control points were required for processing.
However, as no geodetic comparison is made here between datasets from different acquisition
times, this has no effect on the analyses and results presented in this study.

6.2.3 Object-based UAV imagery classification

Classification preprocessing

Before classification, UAV data were cropped to a manually digitised outline of the area where
ice was assumed to be present under the debris. This pre-processing step aims to minimise the
possible negative influences of non-glacier areas on the classification procedure. Six different
UAV data derivatives were chosen as input to the classification: (1) blue band of the orthomosaic,
(2) green band of the orthomosaic, (3) red band of the orthomosaic, (4) brightness, i.e. the mean
signal of the three bands, (5) DEM and the (6) DEM-derived slope.

All three visible bands were included to utilise the limited spectral information that the UAV
system provides. Elevation and slope were included because cliffs and ponds both have a specific
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elevation signature, i.e. relatively uniformly sloped and completely flat, respectively. However,
because of the high resolution of the UAV data the local variation of the slope map is relatively
large. Small scale variation in morphology of ice cliffs could negatively influence the classifica-
tion of these much larger features of interest. A 3×3 px averaging filter was therefore applied
to spatially smooth the slope map.

Ice cliffs generally consist of a relatively homogeneous, dark grey surface with a few lighter
patches and occasionally banding patterns. Debris has a spectrally more uniform distribution
because of the small boulders and the shadows they cast (Figure 6.1). To make better use of this
contrast between cliff and debris in the classification, the 0.1m resolution brightness raster was
processed into two different products: (1) a local brightness variation map made by applying a
5×5 px standard deviation filter, and (2) a smoothed brightness map produced using a 3×3 px
averaging filter. Finally, to reduce the influence of noise in the UAV-data and to increase the
potential use of the classification procedure on similarly high-resolution satellite imagery in the
future, all input data were resampled to 0.5m.

Image segmentation

To create objects a multi-resolution segmentation algorithm (Baatz & Schäpe, 2000) was applied
to the input layers in the OBIA software eCognition Developer 9.1.2 (Trimble, 2015). Most
entities on a debris-covered glacier, except for supraglacial ponds, exhibit considerable variation
in elevation and slope. As finding homogeneous regions drives the segmentation, elevation
and slope data were thus excluded from the segmentation procedure. The object-to-object
heterogeneity is determined using both spectral and shape characteristics (Benz et al., 2004),
which can be weighted by the user. Ice cliffs and ponds have a distinct shape compared to the
surrounding debris and therefore a relatively highweight of 0.4was given to the shape parameter.
The segmentation is also influenced by a compactness setting, which is defined by the ratio of
the object circumference and the number of pixels forming an object (Benz et al., 2004). As ice
cliffs are usually elongated and ponds are compact a moderate compactness setting of 0.5 was
used.

The surfaces of most ice cliffs are not solely bare ice, and there are often patches of debris
or snow (Figure 6.1). A similar situation exists for supraglacial ponds that can contain debris
mounds or floating ice. The scale of the output objects in the segmentation procedure was
therefore not set to the scale of the cliffs or ponds, but the scale of these subfeatures. Because
of the limited amount of features and feature scales in the study area, the optimal scale was not
determined automatically (Drgu et al., 2014). Instead, the scale parameter in the multiresolution
segmentation was determined by expert judgement, and set to 500. This provided the least
(visually determined) over- and under-segmentation of the region of interest.
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Object-based training, classification and accuracy

On the glacier surface four distinct main classes are present: ice cliffs, ponds, debris and snow
(snow patches on debris or snow frozen to ice cliffs). For classification I first evaluated the use of
a rule-based approach that used thresholds on slope, brightness and homogeneity of the objects
as well as contextual rules. The rule-based approach was found to be difficult to implement as
many rules would have been required to accurately classify the few objects present in the study
area. Therefore, I chose to continue with a statistical classifier approach (Figure 6.3) that utilised
many object characteristics for classification. Classifier statistics were obtained by gathering a
number of training samples randomly for each of the four classes: 20 for ice cliffs, 20 for water,
20 for snow and 50 for debris. The vast majority of the glacier’s surface consists of different
types and appearances of debris, ranging from lighter to darker coloured patches. In order to
obtain a representative sample population a larger number of samples were taken for this class.

To separate the classes, I use object characteristics given by the internal pixel statistics. The
shapes of the cliffs, ponds and snow patches and their relations to neighbouring objects are not
consistent from one feature to the next, hence shape and neighbour relations cannot be used to
distinguish between classes. Debris and ice cliff objects are difficult to distinguish spectrally. On
an object level, however, the two classes exhibit different textures. To describe these differences
in object texture, four parameters based on the gray-level co-occurence matrix (GLCM) were
determined using the red band of the orthomosaic: contrast, homogeneity, dissimilarity and
entropy (Haralick et al., 1973; Trimble, 2015). The final object attributes selected as input for
the classification procedure are the mean pixel value per object for all input data layers, the pixel
standard deviation per object for all input data layers, and the four GLCM texture parameters.

A fuzzy nearest neighbour (NN) object classification procedure (Blaschke et al., 2008; Trimble,
2015) as implemented in eCognition Developer was applied to classify the object set obtained
from image segmentation. I chose the NN procedure because it provided better classification
results than other evaluated algorithms, such as random forests (Breiman, 2001; Genuer et al.,
2010) or Bayesian classifiers (Lillesand et al., 2015; Trimble, 2015). The NN classifier predicts
an objects’ class by determining a normalised difference between the average attribute value of
the training set and the attribute of an unclassified object. The distances for all input training
attributes are combined into a multidimensional vector and used to construct a membership
function for all classes. The class with the highest membership value is assigned to the object
(Trimble, 2015).

To finalise the classification a rule-based alteration was applied. Objects that were completely
enclosed by cliff or pond objects were classified as cliff and pond respectively. Also, to classify
the snow patches frozen to ice cliffs as cliff, all objects classified as snow that were within one
object distance to an cliff object and on a slope larger than 30° were assigned the class cliff.

For the analysis of ice cliffs and ponds it is important to have a classification that is as accurate
as possible, especially considering a study area with such a limited number of features of interest
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Figure 6.3: Flowchart of the steps and settings used in OBIA procedure used to classify the cliffs and ponds.

present. To maximize the accuracy the NN classification was altered through a multi-pass visual
inspection. Misclassified objects were manually reclassified in this procedure based on expert and
field knowledge. The resulting reference object set was used to create error matrices (Lillesand
et al., 2015) to estimate classification accuracy. The NN classification was performed multiple
times using different sets of object attributes. The estimated accuracy was then used to determine
the set that provided the best classification.

To finalise the cliff and pond delineation, individual neighbouring objects of snow and debris
classes were fused into single objects. The exposed ice faces of cliffs are often partially buried by
debris and ponds are sometimes at a low water level that separates them into a few unconnected
smaller ponds. These objects were assigned to a specific cliff or pond group by visual inspection.
Finally, ponds that are assumed to be adjacent to ice cliffs for at least some time during the year
were identified and jointly classified as dynamic cliff-pond systems.

Pixel-based classification

To evaluate the difference in classification accuracy of OBIA and PBIA, a pixel-based supervised
classification procedure (Lillesand et al., 2015) was performed on the preprocessed UAV data
using a maximum likelihood classifier. The red band, green band, blue band and slope data were
taken as input and the classifier was trained using representative samples for the classes water,
cliff, snow and debris. As the small pixel size of the UAV data and the limited spectral contrast
between the classes results in high-frequency classification patterns, the output was smoothed
using a 3×3 px majority filter.

The accuracies of the OBIA and PBIA were determined using error matrices constructed
from random samples. Debris is much more abundant than the other three classes and that may
impact the accuracy assessment. A stratified random sampling approach was therefore used to
sample 250 random points for each of the four classes, according to the created reference object
set. All 1000 points were subsequently checked visually on the orthomosaic for the actual class
present at each point’s location.
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6.2.4 Analysis of feature characteristics

Ice cliff slope and aspect as well as supraglacial pond presence are thought to be important factors
in the existence and survival of ice cliffs (Buri et al., 2016b; Miles et al., 2016; Steiner et al., 2015).
To assess these characteristics quantitatively, UAV-derived slope and aspect were extracted for
each cliff using the classified objects. Mean and standard deviation of cliff slope and aspect were
calculated and compared with exposed ice surface area, which was determined trigonometrically.

Ponds classified on the UAV imagery were analysed by their mean elevation, their area, and
their relation to adjacent cliffs. The ponds appear to have highly variable concentrations of sus-
pended sediments as their colour varies considerably from pond to pond (Takeuchi & Kohshima,
2000; Wessels et al., 2002). Pond colours range from dark blue (low sediment concentrations) to
light brown/orange (high sediment concentrations). To test if the suspended sediment concen-
trations are dependent on pond size or the presence of an ice cliff nearby, a blue index (BI) of
the ponds was calculated as:

BI=
Blue

Red+Green
(6.1)

where the colours stand for the different image bands of the UAV-derived orthomosaic. A
BI smaller than 0.5 indicates more orange ponds with high sediment concentrations, and a BI
greater than 0.5 indicates more blue ponds with low sediment concentrations.

To investigate the value of the UAV point cloud data for ice cliff morphology analysis, a 100m
long cross section of the UAV-derived 3D point cloud was extracted for a cliff with a large
undercut using the open source software CloudCompare (Girardeau-Montaut, 2015). From the
cross section, cliff face slopes were determined using linear regression and undercut size was
estimated geometrically.

6.2.5 Pond distribution over the entire tongue

To examine possible causes for supraglacial pond formation their spatial distribution was deter-
mined for the entire tongue of Langtang Glacier through OBIA of a 5m resolution RapidEye
satellite image from 4 March 2010. The imagery was subset using a manually digitised glacier
outline, as both the recent GAMDAM (Nuimura et al., 2015) and Randolph v5 glacier invento-
ries (Pfeffer et al., 2014) were too inaccurate for the glaciers in the study area. Previous attempts
have been made to classify supraglacial ponds and lakes using ASTER and Landsat data (Chen
et al., 2013; Gardelle et al., 2011; Miles et al., 2017c; Wessels et al., 2002). Classification proved
difficult without using elevation data. Moreover, shadows of mountains as well as clouds caused
problems for classification and require masking, which can yield difficulties for a proper classi-
fication of a single image. However, on the RapidEye imagery used here there are no shadows
or atmospheric disturbances present.
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For the classification, an image segmentation was performed on a small scale, i.e. the small-
est objects representing ponds of about 3 px in size. Subsequently, 20 training samples were
randomly selected for each of the classes: pond, dark debris, light debris and snow/ice. For clas-
sification of the objects a nearest neighbour algorithm was applied using each of RapidEye’s five
bands for training as well as a normalised difference water index (NDWI), defined as:

NDWI=
Blue−NIR
Blue+NIR

(6.2)

where Blue and NIR are the blue and near-infrared bands of the RapidEye satellite image, re-
spectively.

In order to determine whether pond presence is dependent on ice dynamics, surface velocity
for Langtang Glacier was determined using a pair of ASTER images for the period October
2010 to October 2012. The two L1A ASTER scenes were orthorectified using 1-arc-second
elevation data from the Shuttle Topography Radar Mission (SRTM) and co-registered in ENVI
(Exelis, 2014). Surface displacement was determined between the preprocessed image pair using
frequency cross-correlation as implemented in COSI-Corr (Ayoub et al., 2009; Leprince et al.,
2007). Noise in the output velocity fields was removed by moderate non-local means filtering
(Buades & Coll, 2005) from within the software.

Stresses within the ice and the resulting deformation are likely larger in areas with high curva-
ture. To examine if this affects pond formation, the curvature of the glacier was determined by
analysis of the glacier centreline. The classified ponds were finally analysed by binning them in
1 km longitudinal sections and comparing pond density to the SRTM elevation, ASTER-derived
velocity and centreline curvature. These were all sampled at the glacier centreline averaged over
100m intervals and subsequently low pass filtered to reduce noise and reveal overall trends.

6.3 Results

6.3.1 UAV data accuracy

The horizontal error of the UAV output products, estimated by comparison of the 16 DGPS-
measured GCPs and the marker positions on the orthomosaic and DEM, was found to be 0.05m
on average with a standard deviation of 0.04m and a root mean square error (RMSE) of 0.07m.
The vertical error at the marker positions has a mean of 0.08m, with a standard deviation of
0.06m and a RMSE of 0.11m. Errors estimated using 10 independent GCPs in a recent study
by Vincent et al. (2016) that uses the exact sameUAVworkflow are on average 0.04m and 0.10m
in the horizontal and vertical, respectively. Compared to the cliff and pond scale these errors are
small and negligible for the uni-temporal analysis performed in this study.
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6.3.2 Image classification

The spatial subset of the UAV raster data used as input for the segmentation and classification
comprised an area of 1.33 km2 (Figure 6.4). Segmentation of this subset resulted in a total of 5557
objects with a mean area of 240m2. I found that inclusion of the object means and standard devi-
ations of all input layers except the DEM resulted in the highest classification accuracy. Inclusion
of any of the GLCM texture parameters caused a decrease in accuracy, especially with regard to
cliff delineation. Slope data, on the other hand, proved to be key as accuracy drops considerably
when it is omitted. Comparison of all objects of the final NN classification with the reference
object set (Table 6.1) shows a producer’s accuracy (Lillesand et al., 2015) of 87.4% and 96.7% for
ice cliffs and ponds, respectively, when considering object counts. Taking into account object
area the accuracy rises to 93.1% and 98.0%, respectively, indicating that misclassification occurs
mainly for smaller objects. User’s accuracies are even higher, especially for object area. Kappa
coefficients for the error matrix, which are a better indication for overall accuracy when having
unequal class sizes (Lillesand et al., 2015), indicate good agreement between classification and
reference set with a value of 0.93.

The final object set to be used for cliff and pond analysis comprised 73 separate cliffs and
77 ponds. Cliff objects were part of 22 separate cliff systems (Figure 6.4). Most ponds were
independent, but a few belonged to a group resulting in a total of 69 pond objects. From the set
of cliffs and ponds 14 cliff-pond systems were identified. The final set of classified objects shows
that 1.80% and 1.66% of the total area of this section of Langtang Glacier consists of ice cliff and
pond, respectively.

Estimates of the difference in accuracy between PBIA and OBIA show that PBIA performs
considerably worse on a debris-covered glacier than OBIA (Table 6.2 & Table 6.3). Kappa
coefficients for the classification methods are 0.463 and 0.897, respectively. PBIA has difficulty
distinguishing debris from the other classes, which is especially true for the cliff class which has
a producer’s accuracy of only 33.7%.

6.3.3 Surface feature distribution and characteristics

Ice cliffs

Classification of ice cliffs shows that there is an uneven distribution of these features over the
UAV-surveyed area (Figure 6.4). Upstream of the tributary confluence there are no cliffs present,
while at the confluence there is a high density of large cliffs. Most of these are part of larger
cliff-pond systems. Overall, the majority of cliffs (14 out of 22) are present on the south-eastern
lateral half of the glacier. These cliffs comprise the bulk of the exposed ice surface area (79%).
On the northern half of the glacier only a group of medium sized cliffs (cliff 9–11 and 14–16)
is present. Cliff shape varies from cliff to cliff. Some are straight and elongated, e.g. cliff 7 and
11, while others are much more curved. Near the tributary few completely circular cliff systems
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Figure 6.4: Ice cliffs and supraglacial ponds on Langtang Glacier as classified on the May 2014 UAV imagery by OBIA.
Annotation shows the numbered, grouped cliff objects that belong to the same cliff system. Additionally, cliff-pond systems
are outlined with black. The extent of the imagery and elevation subset used as classification input is delineated by the
dashed line. The black line at cliff 7 denotes the location of the profile shown in Figure 6.7.

Table 6.1: Error matrix for the nearest neighbour classification and the reference classification. Matrices and confusion
statistics are shown for both the object counts (top) as the objects’ total area (bottom).

Object counts Reference
Classification Cliff Other Snow Snow on cliff Water

Cliff 160 19 0 1 0
Other 23 4498 33 8 7
Snow 0 13 550 0 0
Snow on cliff 0 3 7 23 0
Water 0 6 1 0 205

Producer’s accuracy 0.874 0.991 0.931 0.719 0.967
User’s accuracy 0.996 0.930 0.997 0.998 0.999
Overall accuracy 0.978
Kappa coefficient 0.931

Object area (m2) Reference
Classification Cliff Other Snow Snow on cliff Water

Cliff 19904 574 0 29 0
Other 1486 1252667 2701 8 440
Snow 0 2807 25729 1283 0
Snow on cliff 0 59 773 1404 0
Water 0 68 6 0 22068

Producer’s accuracy 0.931 0.997 0.881 0.516 0.980
User’s accuracy 1.000 0.937 0.997 0.999 1.000
Overall accuracy 0.988
Kappa coefficient 0.929



116 Chapter 6

Table 6.2: Error matrix for the pixel-based classification of the UAV data, constructed from stratified random sampling
using a 1000 points.

Pixel-based Reference
Classification Pond Cliff Snow Debris
Pond 161 0 0 0
Cliff 1 81 0 8
Snow 0 0 102 2
Debris 85 159 142 259

Producer’s accuracy 0.651 0.337 0.418 0.963
User’s accuracy 1.000 0.900 0.981 0.402
Global accuracy 0.603
Kappa coefficient 0.463

Table 6.3: Error matrix for the OBIA of the UAV data, constructed from stratified random sampling using a 1000 points.

Object-based Reference
Classification Pond Cliff Snow Debris
Pond 240 0 0 4
Cliff 2 223 2 6
Snow 0 1 207 6
Debris 5 16 35 253

Producer’s accuracy 0.971 0.929 0.848 0.941
User’s accuracy 0.984 0.957 0.967 0.819
Global accuracy 0.923
Kappa coefficient 0.897

that form the perimeter of a large supraglacial pond are present, (cliff 13, and 17–18).

Ice cliff slopes are generally between 25° and 60° (Figure 6.5). For the cliff-pond systems
there is a small peak above 80°, which is absent for the independent cliffs, and likely related to
undercuts at the pond-ice interface. More precisely, 95% of the exposed ice has a slope between
35.2° and 77.2°, and 50% of the ice area is between 35.2°and 41.7°. The mean slope for all ice
cliffs is 44.6°and the standard deviation 15.0°. There are slight differences in slope distribution
between cliffs that belong to a cliff-pond system and those that are independent. The mean slope
of cliff-pond systems is almost equal, but their standard deviation and the tail of the distribution
indicate the presence of few steeper slopes.

In terms of individual cliff slope statistics (Figure 6.6), cliff-pond systems do not clearly exhibit
the steepest slopes. In fact, among the 8 cliffs with the shallowest slopes, 7 are part of cliff-
pond systems. Many of these are large systems with rather consistent slopes with small standard
deviations. Only three cliff-pond systems have a relatively steep slope on average: cliff 7, 12 and
11. Of those ice cliffs only cliff 7 can be considered large, with an exposed ice area of 4760m2.

The aspect of cliffs-pond systems on the surveyed part of lower Langtang Glacier shows a
bimodal distribution with peaks at −20° (NNW) and +80° (ENE) (Figure 6.5). Independent
cliffs do not show this bimodal pattern but have a peak in aspect around 0° with a large right-
hand tail, i.e. eastward in the polar coordinate system. Overall 19.4% of the ice cliff area faces
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independent.

south. For the independent cliffs and those that belong to cliff-pond systems this is 7.5% and
15.9%, respectively.

Considering the mean and circular variance of aspect (Davis, 2002) on a per cliff basis (Fig-
ure 6.6), it is clear that most cliffs have relatively little variation in their aspect. Four of the largest
cliff-lake systems (7, 17, 18 and 20) are not north-facing, but either west or east with a low vari-
ance. The small cliff-pond system located near the glacier terminus (cliff 1 in Figure 6.4), is the
only cliff that is south-facing on average. It also has the shallowest average slope. In general
though, as indicated by the scatter of Figure 6.6a, there is no distinct relation between slope
and aspect. The per cliff variation of the parameters (Figure 6.6b) does have a slight correlation
(R2 = 0.46).

Ice cliff cross-section

The cross-section constructed from the extracted point cloud of ice cliff 7 (Figure 6.7) presents
themorphology of a part of the cliff. The cliff face of 18m in height consists of large undercut for
about half of that. The low flight altitude of the UAV in combination with the wide-angle lens
and oblique photos caused by UAV instability allow for the reconstruction of such overhanging
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parts. The maximumwater depth of the pond is estimated to be ~9m, i.e. the difference between
the bed and the top of the undercut. Thewater level in the adjacent pond at the time of the survey
is very low, it only comprises the flat area between 40 and 50m along the profile (Figure 6.4;
Figure 6.7). Compared to the horizontal plane, the slope of the cliff top face is 57° and the
overhanging part is 123°. The size of the undercut at this cross-section is a considerable 68m2.

Supraglacial ponds

Near the terminus of LangtangGlacier the abundance of ponds is relatively low, withmost ponds
located further up the glacier (Figure 6.4). Pond density is especially high in the triangle formed
by cliffs 8, 14 and 18, as various pond clusters are present in that area. This area also houses the
largest ponds. The most upstream part of the surveyed area of the main tongue, where there is
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an absence of ice cliffs, has again a relatively low abundance of ponds.

The distribution of area, elevation and blue index of each of the 69 ponds shows there are
no clear patterns between any of these characteristics (Figure 6.8). The majority of the ponds
are smaller than 400m2 (n = 59). The few larger ponds that are present are for the most part
related to a cliff-pond system. The suspended sediment concentration of ponds does not seem
to be related to cliff presence, size or position on the glacier. Ponds that have high sediment
concentration, i.e. low BIs, are uncommon. Only 5 ponds have a BI of less than 0.45 and two
third has a BI that is higher than 0.50. Cliff-pond systems (n = 14) have a slightly lower mean
BI of 0.49 than the mean of 0.52 of the independent ponds (n = 56).

6.3.4 Pond distribution over the whole tongue

The longitudinal distribution of ponds (n = 267) over the debris-covered tongue of Langtang
Glacier, determined using OBIA of RapidEye imagery (Figure 6.9), is non-uniform. The num-
ber of ponds that are present in a 1 km bin decreases towards the terminus. The upper area
(12–15 km from the terminus) has a high number of small ponds, and peak pond count and
coverage occurs at 11–12 km from the terminus. Most ponds in this section are present on the
western lateral half of the glacier (Figure 6.10), the same side as the tributary. A small peak in
pond size is also present at 6–8 km from the terminus.
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The ASTER-derived surface velocity of the glacier (Figure 6.10) shows velocities of about
20ma−1 at the most upstream part of the debris-covered tongue of LangtangGlacier. At approx-
imately 12 km from the terminus velocities decrease over a distance of 1 km to about 10ma−1.
This reduction in velocity occurs at the location of the tributary and coincides with the peak in
pond presence (Figure 6.9). Between 10 and 8 km from the terminus, velocities decrease again
to 5ma−1 at a confluence and right before the peak in pond presence. The remainder of the
tongue, i.e. about half of the total, experiences slow velocities in the range 0–5ma−1. Surface
velocities found in this study are comparable to those found using Landsat TM imagery in recent
studies (Miles et al., 2017c; Pellicciotti et al., 2015; Ragettli et al., 2016a). Changes in curvature
of Langtang Glacier and the related stresses within the ice do not appear to influence pond pres-
ence, other than the decreased pond cover observed in the relatively straight part between 3 and
6 km from the terminus.

The ponds delineated on the RapidEye imagery for the first 2 km from the terminus show sim-
ilarities and differences with the ponds classified on the 2014 UAV imagery. All RapidEye ponds
appear to have been classified on the UAV imagery, except the large pond near the 1 km line, i.e.
the pond adjacent to cliff 7. Pond locations shifted over the four year period between the two
datasets, as a result of ice flow and ice cliff backwasting. The main dissimilarity is that a consid-
erably larger number of ponds are classified on the UAV imagery than on the RapidEye imagery
(Figure 6.10), i.e. 69 versus 19. The mean pond area for UAV and RapidEye classifications is also
very different, with 252m2 and 1137m2, respectively.

6.4 Discussion and recommendations

6.4.1 Object-based classification and feature extraction

For the spectrally uniform debris-covered surface of LangtangGlacier the semi-automatic OBIA
procedure presented in this study is an accurate method to delineate ice cliffs and supraglacial
ponds on UAV imagery. Especially when compared to PBIA, the value of the object-based
approach is clear. As with most classifications 100% accuracy is impossible to achieve. The re-
quirement of a modest manual alteration of the classifier’s output in order to achieve a better
dataset for further analysis show that a fully automated procedure is not feasible, yet OBIA is a
great advancement over the labour-intensive subjective manual approach. Additional analyses
could utilise the cliff and pond database established here to improve the sample statistics and to
develop improved rule-based classification alterations or even a completely rule-based classifica-
tion scheme. The use of UAV-mounted sensors capable of sensing in other wavelengths, such as
infrared or thermal, would likely help improve delineation results.

Spaceborne imagery can be considered for larger scale classification and analysis using similar
techniques as presented in this study. At present, imagery from satellites such as Pléiades, the
Worldview family, and GeoEye, have spatial resolutions similar to those of the resampled UAV
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data (Murillo-García et al., 2014). Access to high-resolution slope data, however, is an important
prerequisite to achieve good accuracy in the object-based delineation. Elevation data from the
stereo pairs or triplets thus is required. It is questionable if analysis of cliff morphology will lead
to results of similar detail. The 0.2m resolution used in this study is finer than those currently
available from satellites and at steep areas such as near ice cliff undercuts, large pixels degrade
the slope data, i.e. larger pixels result in shallower slopes. Moreover, having only stereo pairs
may also introduce some errors in the DEM on locations where the view is obstructed by steep
areas, e.g. at the face of ice cliffs. The transferability of the NN classifier to larger scale satellite
analyses is uncertain. Sample statistics determined in this study cannot be transferred directly, so
new samples have to be collected for individual satellite scenes and possibly individual glaciers
also. Fortunately, the random sample selection procedure is performed reasonably quickly. Dif-
ferences in spectral contents, resolution and analysis over larger, more varied areas might also
result in inaccurate results for the NN classifier. Other statistical classifiers or advanced rule-
based classification might prove to be more suited.

Upscaling findings from in situ measurements and OBIA of UAV imagery using medium-
resolution imagery such as from Landsat 8 OLI or Sentinel-2 MSI could be an important step
forward in the systematic analysis of ice cliffs over large regions. Such an approach may use
advanced sub-pixel classification methods, e.g. super resolution mapping (Atkinson, 2013), that
are driven by the characteristics derived at the smaller scale. More accurate large scale data will
mean better parameterisation of hydroglaciological models, which will improve estimates on
future changes to glacier volume and river discharge.

Compared to the other methods that were used to delineate ice cliffs in the past, OBIA has
distinct advantages. For example, Reid & Brock (2014) used a simple threshold of 40° on the
slope and removed connected pixel groups of less than 10m2. I show, however, that substantial
parts of the cliffs on lower Langtang Glacier have slopes shallower than 40°. Furthermore, 68%
of the areas steeper than 40° and larger than 10m2 do not belong to the cliff class. A simple
threshold method thus has considerable limitations and overestimates cliff area, while missing
shallow cliffs. Other studies delineated ice cliffs on high-resolution remote sensing imagery
and elevation models by digitisation (Brun et al., 2016; Buri et al., 2016b; Ragettli et al., 2016a).
OBIA has disadvantages and advantages compared to such a manual digitisation of cliff outlines.
Manual digitisation is aided by expert knowledge about cliffs andmay include parts of the surface
that are currently obscured from view by a thin layer of debris or snow in order to achieve
better delineation and analysis results. But this process is highly subjective. As a result, it is
subject to inconsistency and not favourable for larger scale analyses. Different opinions and
approaches to cliff digitisation also reduce comparability between datasets when performed by
different analysts. A semi-automatic OBIA is completely objective and results are comparable
and consistent, given the same type of input data. Additionally, an automated procedure makes
the analysis of much larger extents and many datasets feasible.

The cliff analysis presented in this study uses a gridded DEM in which undercuts cannot be
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expressed. The edge of pixels that lie at the boundary between the top face and the undercut
will maximally obtain slope values close to 90°. Calculations of the differences in slope between
independent cliffs and cliff-pond systems are affected by this limitation and the method used
in this study consequently limits the accuracy of the results. However, multiple studies have
shown that for cliff-pond systems the undercuts may contribute significantly to the backwasting
of ice cliffs (Brun et al., 2016; Buri et al., 2016b; Miles et al., 2016; Steiner et al., 2015). The
UAV captures images from many different angles and, as shown, can also be used to identify
and measure undercuts. To improve the analysis on the importance and effect of supraglacial
ponds on ice cliff characteristics, a systematic multi-temporal analysis of a point cloud could be
used to estimate volume losses and relative contribution of pond-induced erosion to total ice
cliff backwasting. By performing such analyses on multi-temporal datasets important validation
and calibration data on volume losses can be obtained for the use in distributed energy balance
modelling of ice cliffs and supraglacial ponds (Buri et al., 2016b; Miles et al., 2016). UAVs provide
accurate data at high spatial resolution, and they can also be used to gather data at high temporal
resolution (Chapter 3; Chapter 4). Consequently, intra-seasonal changes in cliff morphology
and the causes thereof can be evaluated.

A point cloud approach may also be used in the classification stages to overcome some issues
and improve accuracy. As cliffs can have very steep slopes, they can be difficult to delineate
from the orthogonal perspective that orthorectified UAV and satellite imagery provide. Very
steep cliffs that consist primarily of an undercut may not even be detected, although this has
not been encountered in this study. By developing classification methods applicable to the full
3D point cloud representation of a debris-covered glacier, such steep areas could be delineated
better. This is probably also true for more gently sloping cliffs, thereby improving the analysis of
cliff morphology. Full 3D representations are computationally intensive, however, which may
pose difficulties for medium to large scale analyses.

6.4.2 Distribution and characteristics of ice cliffs

The distribution of ice cliffs and supraglacial ponds over the UAV surveyed area shows that
abundance of these surface features is higher at the confluence, especially for larger cliff-pond
systems. Strain on the glacier at that location is expected to be higher because the ice will
experience both transverse and longitudinal compression (Gudmundsson, 1997). This supports
previous suggestions that the cliff-forming processes of debris slumping and void or conduit
collapses occur more frequently at high strain areas (Benn et al., 2012), caused by fracturing and
hydrologically driven conduit formation (Benn et al., 2009; Gulley, 2009). Manual delineations
of ice cliffs on Langtang Glacier presented in a figure in Ragettli et al. (2016a) support this, as in
the two main areas of deceleration there is a higher cliff density, i.e. upglacier of the confluences
at 8 and 12 km from the terminus. Immediately at the confluences, however, only a few ice
cliffs are present. As for the UAV-surveyed confluence, some large cliffs are already present
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just upstream of the confluence on the tributary itself. Consequently, longitudinal compression
caused by deceleration of the tributary may be the more likely cause of their formation rather
than the strain directly at the confluence itself. Also, no cliffs are present on the high-strain
medial line of the confluence, although their absence here might be due to the addition of debris
from the eastern moraine of the tributary glacier, causing a relatively thicker debris layer.

The existing hypothesis on ice cliff survival as a result of its aspect and pond presence is largely
validated by our cliff analysis. Few south-facing cliffs are present, and more than 80% of the cliff
surfaces face northwards. However, ice cliffs that belong to cliff-pond systems appear to deviate
slightly from the expected pattern with the bimodal aspect distribution. This seems to be mainly
caused by the two large southeast-facing cliff-pond systems at the tributary, cliff 17 and 20. They
have a consistent lowmean slope of 40° and do not appear to have large undercuts present. These
cliffs might survive as rapid melt on exposed south-facing ice is balanced by the subaqueous melt.
Such cliffs could play an important role in the mass loss of debris-covered glaciers, as they will
melt comparatively faster than others. In contrast to cliff 17 and 20, cliff 11 also faces almost
completely east, yet it has the steepest mean slope of all cliffs on the surveyed area caused by the
presence of a large undercut. This is most likely because the debris view angle (Reid & Brock,
2014; Steiner et al., 2015) at the base of this cliff (109°) is greater than the angle at cliff 17 (49°),
resulting in more incoming longwave radiation. Additional UAV datasets of Lantang Glacier
would provide more detail on the relative backwasting rates of these cliffs compared to the other
cliffs on the glacier by enabling multi-temporal analyses of UAV-derived elevation models. This
could further validate the hypothesis.

6.4.3 Distribution and characteristics of supraglacial ponds

The RapidEye imagery reveals the presence of ponds over the entire tongue, but they seem
especially dense near the decelerated areas of themain tongue at the twowestern tributaries. This
agrees with suggestions by others that areas of low velocity and low gradient cause large scale
pond development. Drainage in this areas is likely reduced due to low hydrological gradients
and the lack of reorganisation of englacial conduits (e.g. Miles et al., 2017c; Quincey et al., 2007;
Salerno et al., 2012). However, I observe many small ponds in the upper part of Langtang Glacier
as well, which is a faster flowing and higher gradient area. Also, contrary to our expectations,
large ponds are absent in the region of low velocities and low curvature between 3 to 6 km from
the terminus, although the slight change in gradient there might be of influence. Nevertheless,
a distinct spatial pattern of pond presence with respect to velocity and gradient seems absent at
Langtang Glacier.

I observe pond clustering on the main tongue just downstream of each confluence, primarily
on the side of the glacier closest to the tributary, both on the RapidEye and on the UAV data. I
therefore hypothesize that, in addition to factors of velocity and slope, transverse compression at
confluences might promote supraglacial pond formation. Compression might result in the clo-
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sure of conduits present on the main tongue and limit englacial drainage of ponds. Downglacier
of the confluences the pond density reduces again as englacial drainage is no longer reduced by
the confluence-induced compression. Unfortunately, the resolution and quality of the ASTER
data in combination with the relatively low surface velocity at the confluences made it impossi-
ble to study the compressional flow accurately. In future research, I aim to derive accurate flow
vectors using imagery from the new Sentinel 2 satellite and additional UAV surveys to further
investigate the validity of the hypothesis. It is important to note that seasonality plays a strong
role in pond presence (Miles et al., 2017c) and that further study of high-resolution imagery is
also needed to determine if these effects at the confluences are observed during different times
of the year.

Visual comparison of pond density on the RapidEye image with glacier elevation differences
found for the periods 1974–2006 and 2006–2015 (Pellicciotti et al., 2015; Ragettli et al., 2016a)
reveal interesting patterns. In the area where pond density is largest, downstream of the tributary
at 12 km, mean surface elevation changes of −1ma−1 are observed between 2006 and 2015.
However, the pond density here would suggest greater overall surface elevation losses, and ice
emergence due to longitudinal compression caused by deceleration of the tongue (Figure 6.10)
may play a role. Upstream of the confluence at 8 km, a reduced number and coverage of ponds
was found and elevation losses for the recent period are minimal, as expected. Comparison with
higher resolution geodetic mass balance studies of the glacier in the future might reveal new and
improved correlations between pond presence and melt that may help to unravel these patterns.

The RapidEye classification performed in this study showed 267 ponds on Langtang Glacier,
versus 53 found in a pre-monsoon Landsat classification (Miles et al., 2017c). The most likely
cause of this difference is that the 5m resolution of the RapidEye image reveals more small scale
ponds than the 30m pixels of Landsat. There may even be a greater number of ponds present,
as the UAV data has revealed about 4 times more ponds than the RapidEye image. The effects
of the presence of many small ponds on glacier melt have not been studied. It could be limited,
but may also help to further unravel some of the spatial melt patterns observed.

6.5 Conclusions

In this study I have developed amethod to delineate ice cliffs and supraglacial ponds on the debris-
covered Langtang Glacier by using OBIA of high-resolution UAV imagery. Delineated surface
features were analysed quantitatively on their geometrical characteristics and spatial distribution.
Classification of RapidEye satellite imagery was performed to determine the pond distribution
over the entire glacier.

Our study demonstrates that OBIA is a valuable tool for accurate delineation of surface fea-
tures on debris-covered glaciers. With a combination of high-resolution UAV imagery and
digital elevation models, the semi-automatic approach used here is able to objectively derive
characteristics of ice cliffs and supraglacial ponds. OBIA of satellite imagery offers the potential
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to delineate and analyse surface features for large areas, and results can be applied to improve
glacio-hydrological models. Systematic analyses of UAV-derived point clouds are a promising
method for the analysis of ice cliff (undercut) morphology and evolution.

Ice cliffs present on the glacier have a predominantly northern aspect and a mean slope be-
tween 40° and 60°. Most of the large cliffs have adjacent supraglacial ponds. South-facing ice
cliffs are rare and ice cliffs with aspects that deviate from the north generally have relatively low
slopes and are connected to large supraglacial ponds that sustain them. Our results largely con-
firm current hypotheses on the survival of north-facing ice cliffs. Spatially, the ice cliffs appear
to form primarily at areas where high strain rates are expected in the ice. Longitudinal com-
pression and related englacial processes are the probable cause. Further analysis should confirm
these patterns for the entire glacier.

A distinct spatial distribution of ponds over Langtang Glacier is absent. High pond densities
are related to low glacier velocities and low gradients, but high pond densities are also found near
confluences. I hypothesize that the transverse compression at confluences may close englacial
conduits, limit drainage, and promote pond formation.
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The future of Asia's glaciers

Glaciers in High Mountain Asia (HMA) play a substantial role in the water supply
of millions of people (Immerzeel et al., 2010; Lutz et al., 2014), and they are retreat-
ing and losing mass as a result of man-made climate change (Marzeion et al., 2014) at
similar rates as elsewhere in the world (Bolch et al., 2012; Kääb et al., 2015). In the
'Paris Agreement' of 2015, 195 nations agreed on the aspiration to limit the level of
global temperature rise to 1.5 ◦C above pre-industrial levels. However, it is not known
what an increase of 1.5 ◦C would mean for the glaciers in HMA. Here I show that a
global temperature rise of 1.5 ◦C leads to a warming in HMA of 2.1±0.1 ◦C, and that
64±7% of the present-day ice mass stored in the glaciers will remain by the end of the
century. The 1.5 ◦C goal, however, is extremely ambitious and is only projected by
a small number of climate models of the conservative RCP2.6 ensemble. Projections
for RCP4.5, RCP6.0 and RCP8.5 reveal that much of the glacier ice is likely to disap-
pear with projected mass losses of 49±7%, 51±6% and 65±6%, respectively; these
projections have potentially serious consequences for regional water management and
mountain communities.

Chapter based on:

Kraaijenbrink, P. D. A., M. F. P. Bierkens, A. F. Lutz, and W. W. Immerzeel (2017). Impact of a global temperature
rise of 1.5 degrees Celsius on Asia's glaciers. Nature, 549(7671), 257-260.
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7.1 Future temperature rise

In high-altitude regions temperatures are rising faster than in the low-lying plains and this is also
observed for HMA (Pepin et al., 2015). Possible mechanisms suggested to explain this elevation-
dependent warming in mountains are snow albedo and surface-based feedbacks, water vapour
changes and latent heat release, radiative flux changes, surface heat loss and temperature change,
and aerosols. A global ensemble of 110 general circulation model (GCM) runs spanning the full
range of radiative forcing defined in CMIP5 (Taylor et al., 2012) (RCP2.6 (n = 25), RCP4.5
(n = 35), RCP6.0 (n = 18), RCP8.5 (n = 32)) (Table A.4) shows an evident relation between
radiative forcing and projected temperature increase from pre-industrial conditions (1851–1880)
to the end of century (2071–2100, EOC) (Figure 7.1). It also shows that the glacierised areas of
HMA are consistently warming at much higher rates than the global average and the difference
between global and HMA temperature rises is increasing with radiative forcing (Figure 7.1).
Compared to the global warming of land masses only, the enhanced warming in HMA is less
pronounced, but still evident.

From the GCM ensemble I have selected models that result in a 1.5 ◦C temperature rise glob-
ally relative to pre-industrial conditions (n = 6, see Section 7.6). All of the selected models origi-
nate from the conservative RCP2.6 model ensemble. The 1.5 ◦C global increase implies a warm-
ing of 2.1±0.1 ◦C for the glacierised areas in HMA (Figure 7.2). Although there is considerable
regional variation, with the Hindu Kush warming the most (2.3 ◦C) and the Eastern Himalaya
the least (1.9 ◦C), all regions warm by more than 1.5 ◦C. These spatial patterns persist for the
actual RCP2.6, RCP4.5, RCP6.0 and RCP8.5 scenarios for which considerably higher warming
is projected in the western parts of HMA (Figure A.9). A strong divergence is observed towards
the EOC between the 1.5 ◦C scenario and RCP4.5 (3.5±0.2 ◦C), RCP6.0 (4.1±0.2 ◦C), and
RCP8.5 (6.0±0.3 ◦C) (Figure A.7).

7.2 Debris cover abundance

The Randolph Glacier Inventory (RGI) version 5.0 (Pfeffer et al., 2014) identifies 95537 glaciers
with a total glacier area of 97605 km2 in the RGI regions covering HMA (Figure 7.2, Table A.1).
Considerable parts of these glaciers, in particular the low-lying glacier tongues, are covered by
thick debris mantles caused by erosion from the generally steep headwalls and the subglacial
material on which the glaciers reside. The debris is an important control on glacier ablation,
and thus on its climate sensitivity. A thin layer of debris accelerates melt because of a lower
albedo compared with debris-free ice, whereas a debris layer thicker than a few cm suppresses
melt because of insulation of the underlying ice (Evatt et al., 2015; Lejeune et al., 2013; Østrem,
1959; Pellicciotti et al., 2015; Reid et al., 2012; Vincent et al., 2016). Except for a few small scale
studies (Immerzeel et al., 2013; Ragettli et al., 2015), the role of debris is generally not taken into
account in climate change impact studies over larger regions, mostly because a debris classifica-
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Figure 7.1: Relation between radiative forcing, temperature increase and ice mass loss. Temperature changes between
pre-industrial (PI, 1851–1880) and the end of century (EOC, 2071–2100) for the 1.5 ◦C models, RCP2.6, RCP4.5, RCP6.0
and RCP8.5 (a). Temperature changes are shown separately for the entire globe, land masses, and the glaciers of High
Mountain Asia. The horizontal bars denote the median, the boxes the interquartile range, and the whiskers extend the full
data range. Panel b shows projected ice mass loss against global temperature change for the EOC for each of the 110 model
runs.

tion of HMA glaciers is not available. Here I have developed such a classification using Landsat 8
imagery. For all glaciers larger than 0.4 km2 (33587, 91% of the total glacier area, 99.6% of the
glacier ice volume), debris cover was identified by selecting pixels below a normalized difference
snow index (NDSI) value and a slope threshold (see Section 7.6).

The results show that about 11% of the glacier area in HMA is debris covered (Figure 7.3),
with the largest relative debris-cover in the Hindu Kush (19% of the regional glacier area). Ice
volume stored in each glacier was subsequently calculated using the GlabTop2 model (Frey
et al., 2014; Linsbauer et al., 2012), which was converted to mass using a 900 kgm−3 ice density
(Frey et al., 2014; Kääb et al., 2012). It was estimated that the total HMA ice mass, excluding
glaciers smaller than 0.4 km2, is 4754±350Gt (Figure 7.3), with over one-third of this volume
stored in Karakoram glaciers. The relative ice mass under debris in the HMA is 18%, which is
considerably larger than the relative ice area under debris. This is caused by the predominance of
debris on gently sloping tongues with thick ice. If only the ablation area below the equilibrium
line altitude (ELA) is considered, the ice mass contribution under debris even reaches values up
to 30% in the entire region and up to 48% in the Hindu Kush.

7.3 Mass loss projections

To estimate the HMA glaciers’ response to a global temperature increase of 1.5 ◦C a model based
on the mass balance gradient (Benn & Lehmkuhl, 2000) was set up for all individual glaciers
larger than 0.4 km2. The mass balance gradient for each glacier was constrained by a maximum
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ablation at the glacier terminus estimated using a degree-day climatology and by a maximum
accumulation estimated from the maximum precipitation in the glacier accumulation zone (see
Section 7.6). The approach takes into account the reduced melt under debris as function of
debris thickness, the increased melt that is due to supraglacial ponds and the observed regional
mass balance (Farinotti et al., 2015; Gardner et al., 2013; Kääb et al., 2015) (Table A.3). The
results indicate that the glaciers are out of balance in all RGI sub-regions and, except for West
Kun Lun, are losing mass under present day (1996–2015) climate (Table A.3). The results also
show that, even if temperatures stabilise at their current level, mass loss will continue for decades
to come until a new equilibrium is reached (Figure 7.3). For the whole of HMA, about 86% of
the present ice mass and 85% of the present-day area would remain by the EOC.

To estimate the future mass balance, the present mass balance curve, of fixed gradient, was
shifted using the sensitivity of the ELA to temperature change (Shea & Immerzeel, 2016) and
the projected temperature rise between the present day climate and the EOC for each of the
110 GCMs (Table A.4). Additionally, the mass balance curve’s height of maximum accumu-
lation was modified based on projected precipitation change from the same 110 GCMs. To
account for the uncertainty in model parameters, observed mass balance and climate projec-
tions, the analyses were performed in a Monte Carlo simulation framework, varying randomly
the parameter values and mass balance for each GCM forcing for each of the 33,587 glaciers
(see Section 7.6). Subsequent results are thus given as the mean ± 1 standard deviation from
the Monte Carlo runs. Results reveal that if the 1.5 ◦C target is met, an estimated 64±7% of
the ice mass and 64±8% of the glacier area in HMA will remain by the EOC (Figure 7.1, Fig-
ure 7.3, Figure A.11). In the most extreme case (RCP8.5), the ensemble shows that only 36±5%
of the ice mass and 32±5% of the total area remains by the EOC. RCP2.6 (64±8%), RCP4.5
(51±7%) and RCP6.0 (49±6%) result in intermediate mass losses that fall between the 1.5 ◦C
scenario and RCP8.5. A near-linear relation between temperature increase and projected mass
loss is observed at the regional scale (Figure 7.1). There are only six models out of the entire
model ensemble that result in a global 1.5 ◦C EOC, and the majority of projections result in a
much higher warming and a stronger decrease of HMA ice mass (Figure 7.1).

The regional variation in mass loss is large, and there are several regions where for RCP8.5
the ice mass and glacier area drop below 10% of their present-day value (Figure 7.3). This
will evidently impact the timing of downstream water supply and water access of mountain
communities near the glaciers. In particular for RCP8.5 a strong increase in downstream melt
water availability will, for example, prevail on the short tomedium termwith a peak around 2050
(Figure 7.4), which agrees well with previous findings (Bliss et al., 2014; Immerzeel et al., 2013).
Melt water peaks for the remaining RCPs generally occur earlier at around 2030, although for
many of the regions peak melt water has already occurred.
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Figure 7.4: Annual glacier mass change for major river basins in HMA. The figure shows the transient annual glacier mass
changes for the four RCP ensembles, aggregated over the major river basins in HMA that have substantial glacierized areas
(a–h). The mass is expressed in mm w.e. over the upper basin area, i.e. the part of the basin with an elevation higher than
its lowest glacier terminus, for better comparison with precipitation. A map of the basins and the upper basin area is shown
in panel i.

7.4 Regional differences

Even under a global 1.5 ◦C increase, there are considerable regional differences in glacier re-
sponse within HMA that are caused by differences in regionally projected warming rates and
precipitation trends, by specific regional glacier properties (e.g. glacier hypsometry and the
presence of debris), and by the present-day imbalance of the glaciers (Table A.3). For example,
Hissar Alay and the Qilian Shan are the regions that show the most extreme decline and by the
EOC only 32±14% and 30±5% of the glacier mass remains (Figure 7.3), respectively. On the
other hand, in the Karakoram, despite a higher regional warming rate, 80±7% of the ice mass
remains by EOC. These differences are explained by the large ice masses stored in the debris-
covered tongues in the Karakoram compared toQilian Shan in particular (Figure 7.3), by the fact
that Qilian Shan (−0.49±0.11m w.e. a−1) and Hissar Alay (−0.36±0.31m w.e. a−1) at present
experience much more negative mass balances than the Karakoram (−0.13±0.34m w.e. a−1),
and by differences in sensitivity of the ELA to climate perturbations.

Debris on the glacier ice plays an important role in regulating melt processes of HMA glaciers
(Mihalcea et al., 2008b; Rounce et al., 2015). It buffers the impacts of climate change as the
lower melt rates slow down glacier retreat and mass loss under rising temperatures. There is
however great variability in the relative area covered by debris (Figure 7.5a), the relative ice
mass stored under debris (Figure 7.5b) and the relative ice mass in the ablation zone stored under
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debris (Figure 7.5c). Although the debris-covered area is relatively small, there are regions in
the Karakoram and Himalaya where the ice mass under debris in the ablation zones exceeds 40%
and this results in a strong buffering effect (Figure 7.5d-f ). Since glacier thinning and a rise of
the ELA can result in thickening of debris and an increase in debris extent (Rowan et al., 2015),
its effects on glacier melt may even increase over the course of the century.

7.5 Conclusions

To conclude, HMA is consistently warming more rapidly than the global average. The differ-
ences in impact on the HMA’s glaciers between the ambitious 1.5 ◦C target and the RCP4.5,
RCP6.0 and RCP8.5 scenarios are large. It may well be the difference between sustaining the
glaciers for generations to come and losing the majority of Asia’s glacier ice mass by the EOC.
The presence of debris may in some regions provide a considerable retention of glacier mass,
but clearly policy decisions can make a difference and for the survival of the HMA glaciers it is
essential to minimise the global temperature increase. To meet the 1.5 ◦C target will be a task
of unprecedented difficulty and even then, 36±7% of the ice mass in HMA is projected to be
lost by the EOC.

7.6 Methods

7.6.1 Debris classification

The extent of debris cover on HMA glaciers was mapped for the entire area within the glacier
outlines defined in the Randolph Glacier Inventory 5.0 (RGI) (Pfeffer et al., 2014) for the RGI
regions Central Asia, South Asia East and South Asia West. Debris-free ice was distinguished
from debris-covered ice by using a normalised difference snow index (Hall et al., 1995) (NDSI).
I calculated the NDSI from a Landsat 8 OLI composite that was produced by a pixel-wise se-
lection of the scene with the highest brightness temperatures of thermal infrared (TIR) band 10
in the Landsat 8 top-of-atmosphere reflectance archive. The procedure, performed in Google
Earth Engine (Google Earth Engine Team, 2017), ensures a composite image that has: (i) no
cloud cover since clouds are colder than both snow and debris, (ii) the least amount of shadow
since shadows are colder than sunlit terrain, and (iii) the least amount of snow-covered debris
because debris is warmer than snow. Pixels were classified as debris for a NDSI below 0.25, a
threshold determined by visual comparison of classification results with the imagery Figure A.2.
A maximum slope constraint of 24° was set for debris-cover (Paul et al., 2004) on 1 arc second
Shuttle Radar Topography Mission elevation data (Farr et al., 2007) (SRTM) to prevent misclas-
sification of rock outcrop as debris, which set 23% of the pixels in the debris-covered class to
debris-free.

Supraglacial ponds and lakes are often present on debris-covered tongues and are generally
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Figure 7.5: Spatial patterns in the occurrence of debris-covered glaciers and the impact of debris on delaying climate change
impact. Panel a shows the relative glacier area that is debris covered, panel b shows the relative ice mass stored under debris,
and panel c shows the relative ice mass stored under debris in the ablation zone (below the equilibrium line altitude). The
points represent data aggregated over a 1× 1 degree grid and the size of points indicate glacier abundance in a grid cell.
The panels d–f show for three different sub-regions the increase in mass loss that results from a model experiment for which
all debris cover was removed (blue line) and the lead in glacier response this yields (orange line).
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associated with the presence of ice cliffs. Recent findings have revealed that ponds and cliffs
may accelerate local melt considerably (Chapter 3), and are thus important to include in the
analysis. Pond classification was performed by applying an upper threshold of −0.1 to the nor-
malized difference vegetation index (Lillesand et al., 2015) (NDVI) for pixels classified as debris.
A maximum slope of 20° and minimum brightness temperature of 10 ◦C were set as secondary
constraints. Ponds misclassified as debris-free ice were identified by selecting connected groups
of fifty or fewer debris-free pixels, and applying the same secondary constraints.

Classification accuracy was evaluated visually for a 1000-pixel sample. A total of 800 samples
were equally distributed over the classes debris-covered ice and debris-free ice in a stratified
random sampling procedure. A 200-pixel sample was taken for the less abundant supraglacial
lake class. The overall classification accuracy is 91% (Table A.2).

7.6.2 Ice thickness modelling

To obtain region wide glacier thicknesses I have implemented the GlabTop2 model (Farinotti
et al., 2017; Frey et al., 2014) using RGI glacier outlines and the SRTM dataset (Figure A.3). The
model calculates ice thickness for each pixel within a glacier outline using a basal shear stress
estimation and local slope. All calibrated input parameters of the model (Frey et al., 2014) were
maintained, except the spatial density of random points for which the thickness is calculated in
the GlabTop2 algorithm. This was reduced by a factor 9 to account for the difference in spatial
resolution of the elevation datasets used in the original study by Frey et al. (2014) (3 arc seconds)
and in this study (1 arc second). This results in approximately the same number of random points
per glacier in both cases. In addition, I have improved the computational efficiency of the model
by calculating the local slope using a circular neighbourhood filter. The radius of this circular
filter is a function of the glacier size, but constrained between 30 and 300m. The minimum
slope that is used in the thickness calculations was set to 2° to prevent unrealistically thick ice for
the mountain glaciers of HMA.

7.6.3 Mass balance gradient and mass redistribution model

Concept

Tomodel each glacier in the study area I developed a mass balance gradient (MBG) model (Benn
& Lehmkuhl, 2000) in combination with a mass redistribution component. The model concept
is illustrated in Figure 7.6. I constructed the MBG model, in which mass balance is expressed
as a function of elevation, based on 6 to 25 equal elevation bands, depending on a glacier’s area.
Glaciers that have an area of less than 0.4 km2 were discarded from analysis, as a minimum
number of pixels is required per elevation band to enable model simulations. In total, only 9.8%
of the area and 0.7% of the volume were excluded from the analysis (Table A.1, Figure A.1).
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Figure 7.6:Concept of the mass balance gradient model. The schematic figure shows the MBG approach used in this study
with idealized mass balance curves for the current (blue) and future (red), debris-cover fraction (grey), and debris-corrected
mass balances (dashed lines).

The annual ablation at the terminus (mw.e. a−1) is calculated by:

b1 =DD ·DDFC (7.1)

where DD is the mean annual positive degree-day sum obtained fromWATCH-Forcing-Data-
ERA-Interim dataset (Weedon et al., 2014) (WFDEI) over the period 1996–2014, downscaled
using SRTM and a temperature lapse rate of 0.0065 ◦Cm−1. DDFC is the degree-day factor for
debris-free (clean) ice (Immerzeel et al., 2015). Mass balance for the remaining elevation bands
is determined by applying a linear MBG with respect to elevation:

bi = b1+(zi − z1)
db
dz

(7.2)

where zi is the surface elevation of elevation band i.

The annual maximum accumulation is constrained by the mean annual precipitation at each
glacier (bmax = P). Here the ERA-Interim reanalysis data (Dee et al., 2011) for the period 1996–
2015 was used, since it was pointed out that high-elevation precipitation is represented better in
ERA-Interim than in other large-scale reanalysis products (Dahri et al., 2016; Immerzeel et al.,
2015; Palazzi et al., 2013).

Debris on glaciers is generally thin at higher elevations and thickens towards the terminus. To
incorporate a spatially variable melt reduction that corresponds to these different debris thick-
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nesses (Østrem, 1959), I have applied a simplified surface temperature inversion method (Foster
et al., 2012; Mihalcea et al., 2008b; Rounce & McKinney, 2014). Surface temperatures were
derived from TIR band 10 of the Landsat 8 composite by correcting for emissivity using the
ASTER global emissivity product. For the debris-covered area of a glacier, I assumed that the
lowest surface temperature corresponds to a debris thickness of 1 cm, and that the 95th percentile
corresponds to thick debris (Juen et al., 2014; Nicholson & Benn, 2013; Rounce & McKinney,
2014; Rounce et al., 2015) (Table 7.1). Following from the non-linear relation between thick-
ness and temperature reported in literature (Foster et al., 2012; Mihalcea et al., 2008b; Rounce &
McKinney, 2014), I estimated debris thickness using exponential scaling:

h = e
(T−Tmin) lnhmax

TP95−Tmin (7.3)

where h is debris thickness in cm, T is the surface temperature, Tmin the minimum surface
temperature of the debris, hmax is the thickness that corresponds to the 95th percentile surface
temperature, and TP95 the 95th percentile surface temperature. A map of melt reduction was
subsequently produced using a relative relation between debris thickness and ablation, which
was constructed using data from the literature (Collier & Immerzeel, 2015; Juen et al., 2014;
Kayastha et al., 2000; Mihalcea et al., 2006; Nicholson & Benn, 2006; Østrem, 1959) (Figure A.4).
To account for the high melt observed for surface features on debris-covered glaciers I have
attributed a melt enhancement factor to supraglacial ponds that is 10 times as high as the melt of
thick debris, based on detailed research on a debris-covered glacier in the Himalaya (Chapter 3).

For each elevation band, I calculate an effective degree-day factor DDFi from the fractional
class coverages of each band and their respective melt factors. This is used to calculate a corrected
negative mass balance using:

bCorrectedi = bi −bi

(
1− DDFi

DDFC

)
(7.4)

Given a terminus ablation defined by the degree-day sum, maximum accumulation defined by
precipitation and the mass-balance debris correction (Equation (4)), the slope of the mass balance
gradient db/dz (mw.e. a−1m−1) is determined by minimisation (Figure 7.6) of:

(
n

∑
i=1

(biai)−Bobs)
2 (7.5)

with Bobs being the observed glacier mass balance, which is discussed in the next section, and ai

the surface area of elevation band i.

The determination of db/dz by minimisation of Equation (5) resulted occasionally in unreal-
istically low equilibrium line altitudes (ELAs), especially for large glaciers in low-precipitation
regions. This is largely due to an underestimation of the high-altitude precipitation for such
glaciers, which is a known issue of the gridded climate products (Immerzeel et al., 2015). To
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correct for this issue, I increased the maximum accumulation of a glacier iteratively (up to a
maximum of 3000mm) until the modelled ELA is at least greater than the 25th percentile of its
SRTM elevation.

Regional observed mass balance

Data on recent glacier mass balances in HMA are relatively sparse. To obtain a region-covering
dataset I have therefore compiled recent regional mean mass balances and inter-glacier mass bal-
ance variability from multiple remote sensing and in situ studies (Farinotti et al., 2015; Gardelle
et al., 2013; Gardner et al., 2013; Kääb et al., 2015; Ke et al., 2015; Sorg et al., 2012; Yao et al.,
2012a; Zhang et al., 2016) (Table A.3). The regional mass balance data were converted to a
grid of points at an equidistance of approximately one degree, covering only the regions for
which data was available. Kriging interpolation of the points was performed subsequently to
obtain coverage for the entire HMA. The final regional data were acquired by aggregating the
interpolated product. A comparison with regional mass balance datasets that are less complete
(Cogley, 2009; Gardelle et al., 2013) shows there is overall agreement, but also that there are
some clear differences (Figure A.12). This indicates that there is still a need for a more consistent
and comprehensive mass balance dataset for the entire HMA.

Future climate implementation

To simulate future changes, I shifted the calibrated present-day mass balance curve using the
temperature sensitivity of the ELA (Shea & Immerzeel, 2016), which can range from about 55
to 200m◦C−1 depending on local climate, and a projected temperature trajectory between the
present and the end of century (Figure A.7). The maximum accumulation of a glacier was
changed according to projected changes in precipitation for the same period (Figure A.8). The
ensemble of temperature and precipitation projections that was used was compiled from all gen-
eral circulation models (GCMs) for all representative concentration pathways (RCPs) within the
Coupled Model Intercomparison Project Phase 5 (CMIP5) multi-model ensemble (Taylor et al.,
2012) (n = 110, Table A.4). From the ensemble, I have selected models for the 1.5 ◦C scenario
that have a global temperature change between pre-industrial (1851–1880) and the end of century
(2071–2100) of 1.4 to 1.6 ◦C (n = 6).

For the GCM runs, I extract grids of the projected changes in average air temperature and pre-
cipitation between present (1996–2015) and multiple future time slices of five years (2006–2010,
2011–2015, . . . , 2096-2100). The GCM grids of varying spatial resolution were all interpolated
to 0.05° resolution. The changes for temperature and precipitation were superimposed on the
reference climatology, i.e. meanWFDEI temperature (1996–2014) and mean ERA-Interim pre-
cipitation (1996-2015), to generate the relative changeswith respect to the present day. To obtain
the final forcing input for the MBG model a moving window average was determined for each
of the 5-year slices to obtain moving 30-year climatological changes, which were subsequently
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interpolated to a yearly time series.

Dynamic mass redistribution

Ice mass redistribution within individual glaciers is performed using a lumped parametrisation
of ice flow (Marshall et al., 2011) to each elevation band i:

Qi = χaiH5
i ∇z3i (7.6)

where Qi is the volume that flows to the elevation band below, ai the surface area, Hi the mean ice
thickness, and ∇zi the gradient of the glacier surface at elevation band i. Parameter χ describes
ice rheology and governs the flow rate. It was determined separately for each glacier at the
first time step by optimisation of the unknown ∇zi. This can be performed by constraining
the optimisation by (i) the glacier length defined in the RGI database, (ii) a stagnant glacier
terminus (Q1 = 0), (iii) the observed mass balance and (iv) the degree-day sum and precipitation.
Using this procedure, an optimal combination of the unknown ∇zi and χ is found that satisfies
the glacier hypsometry, mass balance and the external forcing. Based on mass balance bi of
an elevation band that follows from the mass balance curve, and the computed ice flux, the ice
thickness is updated each time step for each elevation band.

The model runs were performed transiently for the period 2005 to 2100 with a yearly time
step. At each time step bi is updated according to the translated mass balance curve and mass
is redistributed. After calculating new volumes for each elevation band, ai is updated using the
exact volume-area relation for each band i, which is determined separately for each band from
the modelled glacier bed shape, i.e. the ice thickness, by fitting a predictive spline model at the
first time step. Cross sections and maps that show examples of modelled ice thickness over time
are presented in Figure A.6 and Figure A.10, respectively.

Glaciers can have elevation bands that have much lower volumes than the rest of the glacier,
e.g. at ice falls. Consequently, the ice flux through these bands can be a multiple of the ice
volume present in the band itself, which cannot be resolved properly within the model time
step and results in numerical instability. To counteract this, I have constrained the net flux of
an elevation band to 20% of its initial ice volume; however, mass is conserved by iteratively
transferring excess to adjacent lower elevation bands. The value of 20% is the largest threshold
that resulted in numerically stable simulation.

The model concept does not allow ice to advance beyond the initial glacier extent. To account
for glacier advance, all excess ice volume is captured in the lowest elevation band. Surface area
and ablation rate for the band are adapted proportionally to the excess volume. In absence of
any knowledge about the bed shape of lower elevation bands, I have chosen to calculate the
increase in area caused by excess mass using a linear relation between the volume and area of
a glacier. The extent to which an advance reaches lower elevation bands that are outside the
glacier’s initial extent is governed by the ratio between the advancing volume and the mean



The future of Asia’s glaciers 143

Table 7.1:Model parameters that were used in theMonte Carlo sampling. The table shows the parameters for whichMonte
Carlo sampling was used. For each parameter, the type of statistical distribution, the mean, the standard deviation, and the
range is given. The values and ranges for the degree-day factor (Immerzeel et al., 2015) and debris thickness (Juen et al.,
2014; Nicholson & Benn, 2013; Rounce & McKinney, 2014; Rounce et al., 2015) were estimated from literature.

Parameter Distribution µ σ min max
Degree-day sum
(°C d−1)

Gaussian WFDEI climatology σ
/√nyears - -

DDF debris-free ice
(mm w.e. °C−1 d−1)

Truncated Gaussian 7 2 0 Inf

Debris thickness (cm) Truncated Gaussian 50 20 0 Inf
Precipitation changes (-) Truncated Gaussian 1 0.33 0.5 2
Obs. mass balance (m) Gaussian Table A.3 Table A.3 - -

volume of all elevation bands, i.e. the advance reaches exactly one elevation band lower if the
volumes are equal. Finally, the ablation of the lowest elevation band is scaled using the mass
balance gradient to incorporate the advance.

Uncertainty

To express the uncertainty in the model parameters I have applied aMonte Carlo approach to the
MBGmodel (Figure A.5) in which I sampled five different model input variables: (1) degree-day
sum, (2) maximum precipitation, (3) degree-day factor for debris-free ice, (4) debris thickness
and (5) the observed regional mass balance. Sampling means, standard deviations, ranges and
distributions are presented in Table 7.1. Following deterministic runs for each climate model
projection that use the mean parameter values as input, I drew ten random combinations of
input parameters for each of the 110 climate model projections of each modelled glacier. This
yielded a total of 1210 different model realisations per glacier.

Model validation

The accuracy of the model dynamics was evaluated using two independent datasets. I first used
a geodetic dataset of elevation changes (Gardelle et al., 2013) (dH) for the period 1999–2011 to
compare observed and modelled dH of the ablation zone for eight separate regions. The model
was forced with current climate conditions and run for ten years. Regional mass balances for
the validation run were taken from the validation dataset itself (Figure A.12) to enable optimal
evaluation of the model dynamics. There is generally good agreement between modelled and
observed dH on a regional level (Figure A.13a), for both debris-free and debris-covered glaciers.
Apart from compensating effects that can never be ruled out if individual processes are not mon-
itored separately at individual glaciers, this indicates that accumulation, ablation, debris effect,
and mass redistribution are well represented in the model at the regional scale. There is, how-
ever, large variability within the regions (Figure A.13a), and at the glacier scale there can be
differences between observed and modelled dH. This is inevitable, however, since the large
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differences in glacier-specific boundary conditions caused by complex local topography and cli-
mate are impossible to model with the data that is currently available. For interpretation of the
model results regional aggregation is therefore important.

For a second validation of the model dynamics, a dataset of satellite-derived frontal changes
of 255 glaciers (Scherler et al., 2011) distributed over six regions in the HMA was compared
with the model results. The model, being based on a lumped approach, cannot provide frontal
changes directly. I have therefore estimated the changes in the terminus position by linear scaling
of the length of the lowermost elevation band (or multiple bands in the case of disappearance of
the lowermost band) by its relative volume loss. Again, a ten-year model run forced by current
climate conditions was used, but now with the original mass balances (Table A.3). Figure A.14a
shows that the observed and modelled frontal changes are generally in agreement. There is
disagreement for the Karakoram and West Kun Lun, which is most likely caused by the abun-
dance of surging glaciers in the Karakoram, a process not incorporated in the model, and the
very minimal mass balance forcing used for the entire West Kun Lun.

To determine whether the glaciers’ ablation and accumulation is well represented in the MBG
model procedure, I have also compared the ELAs that follow from the MBG fit with reported
regional ELA (Gardelle et al., 2013) and snowline elevation (Scherler et al., 2011) estimates. For
both datasets, themodelled ELAs agreewell (Figure A.13b; Figure A.14b), indicating that bound-
ary conditions and model processes that are part of the MBG fit, e.g. degree days, precipitation
and debris melt reduction, are of the correct magnitude.

Code and data availability

The Google Earth Engine classification code (JavaScript) and the model code (R) are available at
http://github.com/kraaijenbrink/nature-2017. Supplementary data can be downloaded
from http://www.mountainhydrology.org/data-nature-2017. This includes grids per
glacier of the debris classification and ice thickness, model forcing data, and region-aggregated
data in vector format. Other relevant data is available from the author upon request.
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PK, WI and MB conceived the study. PK performed all analyses and wrote the model code. AL
contributed the climate change scenarios. PK and WI wrote the manuscript with suggestions
by MB and AL.
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Synthesis

Since the industrial revolution climate on earth has been changing rapidly (IPCC, 2014). Global
temperature has increased considerably (WMO, 2018) and in recent decades there are clear indi-
cations of changing weather patterns (Coumou & Rahmstorf, 2012). The combination of global
population growth and climate change has resulted in increased stress on water resources, which
are of paramount environmental and societal importance.

Climate warming has resulted in retreat and thinning of earth’s ice caps, ice sheets and moun-
tain glaciers (Kaser et al., 2006). This has implications for coastal regions because of sea level rise
(Larour et al., 2017) and for water availability in river basins that have considerable glacierized
areas in their headwaters, such as High Mountain Asia (HMA). Glaciers in HMA provide an
important gradual release of water that is used by many people locally and downstream for irri-
gation, drinking water and hydropower. Climate change in this densely populated region may
have serious consequences for glacier melt water supply to the rivers (Immerzeel et al., 2010).

A considerable fraction of the glaciers in HMA are covered by debris and thus they are im-
portant for the long-term evolution of glacier melt water contribution to stream flow (Bolch
et al., 2012). However, the surface dynamics of these glaciers are not fully understood. More de-
tailed data and process-based studies are required, but research is complicated by inaccessibility
of the glaciers and difficult fieldwork conditions. Recent advances in UAV technology provide
the opportunity to collect high-resolution data on surface changes of debris-covered glaciers.
The main objective of the thesis therefore was to increase understanding of small scale dynamics of
debris-covered glaciers in order to improve projections of climate-induced glacier change, with a specific
focus on the potential application of UAVs. This has been achieved by focusing on the following
five specific research questions:

1. What are the detailed spatial patterns in elevation change of a debris-covered glacier?

2. Are there spatio-temporal differences in debris-covered glacier surface velocity?

3. Can UAV thermal imaging provide new insights into debris surface properties?

4. How can ice cliffs and supraglacial ponds be analysed systematically?

5. What will be the response of HMA glaciers to future climate change and are there differ-
ences between debris-free and debris-covered glaciers?

In this chapter, I synthesize the research presented in this thesis. I discuss the main findings,
integrate them in a broader perspective, and provide recommendations and a future outlook.

145
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8.1 Spatially variable surface response

The surface dynamics of debris-covered glaciers are not fully understood. Thick debris insulates
the ice and thin debris enhances melt (Østrem, 1959), but spatio-temporal variability in debris
thickness, surface roughness, turbulent fluxes, and energy transport through the (moist) debris
makes melt patterns complex and spatially heterogeneous (e.g. Benn et al., 2012; Collier et al.,
2014; Nicholson & Benn, 2006; Ragettli et al., 2016a; Rounce &McKinney, 2014). Clear knowl-
edge gaps exist with respect to the intricate dynamics of small scale surface processes, i.e. the
exact interplay between the ice, debris and atmosphere. Spatial variability of many important
debris properties, such as debris moisture content (Collier et al., 2014), debris thickness (Rounce
& McKinney, 2014), grain size and pore space (Evatt et al., 2015), surface roughness (Miles et al.,
2017b), and the atmospheric boundary layer over debris-covered glaciers (Brock et al., 2010) are
largely unknown. To better understand melt processes of debris-covered glaciers and how these
may be affected by a changing climate, detailed observations and improved models of debris-
covered glacier change are required.

In Chapter 3, I use multi-temporal high-resolution imagery and DEMs obtained using a UAV
and SfM-MVS processing (Carrivick et al., 2016) to detail surface thinning patterns on the debris-
covered tongue of Lirung Glacier, and show for the first time that thinning of the tongue is
highly heterogeneous. The UAV-derived DEMs enabled accurate geodetic monitoring method
at centimetre resolution, which cannot be met by current satellite products, including high-
resolution commercial satellites (Berthier et al., 2014; Brun et al., 2018; Ragettli et al., 2016a).
On average thinning was limited, but in the vicinity of ice cliffs and supraglacial ponds surface
thinning rates were much higher than the glacier average. Ice cliffs and ponds appear to con-
tribute considerably to the total melt of the glacier, despite their relatively small surface area,
and are responsible for a large part of the spatial heterogeneity at the glacier surface.

Although Lirung Glacier was shown to have relatively low surface velocity (Chapter 3) and
the effects of glacier flow dynamics and ice emergence are potentially limited, they are impor-
tant to consider. ’Knowledge of ice dynamics and emergence are crucial for the interpretation
of glacier thinning rates derived from geodetic measurements from satellite or UAV platforms,
because the ice influx of the tongue constrains the emergence velocity and together with the
surface thinning determines the mass balance (Banerjee, 2017; Brun et al., 2018; Vincent et al.,
2016). Estimating ice dynamics of a debris-covered glacier tongue is not straightforward, how-
ever, and requires knowledge of the ice flow velocity and thickness (Vincent et al., 2016). In
Chapter 4, I demonstrate the application of a frequency cross-correlation algorithm to multi-
temporal optical UAV data to derive high-resolution spatially-continuous surface velocity fields.
These fields provide a valuable addition to the analysis and modelling of glacier flow dynamics
and emergence. Two velocity maps revealed differences in glacier surface velocities between the
summer and the winter, and between the upper and lower tongue. The high spatial resolution
of the UAV data allowed for detection of subtle patterns in flow, despite the relatively low surface
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velocity and the short periods between the surveys. This evidences that UAVs are particularly
useful for surveys of slow processes, such as debris-covered glacier flow.

The high-resolution elevation difference maps (Chapter 3) and velocity fields (Chapter 4)
show the dynamic and heterogeneous response of debris-covered glaciers in high resolution,
but shed little light on the causes of the spatial variation. This requires more data on surface
properties and near-surface atmosphere that help to reveal energy storage of the debris and en-
ergy exchange with the ice and atmosphere. In Chapter 5, I outline the first spatially distributed
surface temperature measurements of a high-altitude debris-covered glacier made with a UAV.
In conjunction with in situ measurements and modelling, these surface temperature data can
help estimate spatial variability in debris thickness (Rounce & McKinney, 2014), longwave ra-
diation (Steiner & Pellicciotti, 2016), sensible heat flux, and may reveal the complex supra- and
englacial hydrology network (Miles et al., 2017a). The temperature of the supraglacial debris
layer was remarkably variable in space and time. Statistical analysis revealed that the variability
was largely independent of incoming radiation and topography, and that much of the signal in
surface temperature originates from variation in properties of the debris and is useful for further
research.

8.2 Ice cliffs and supraglacial ponds

Ground-based and modelling efforts have revealed high ablation rates of ice cliffs in great detail
(e.g Buri et al., 2016a,b; Han et al., 2010; Sakai et al., 2002; Steiner et al., 2015;Watson et al., 2016a,
2017), and showed increased ablation near supraglacial ponds (Miles et al., 2016, 2017a). The
UAV datasets presented in Chapter 3 and Chapter 4 further support these studies. However, it is
poorly understood to what extent the surface features affect total glacier melt and whether they
are responsible for the equal thinning rates observed for debris-covered and debris-free glaciers
(Gardelle et al., 2013; Kääb et al., 2012). Ice cliff ablation is strong and might be of importance
(Chapter 3; Pellicciotti et al., 2015), but only a very limited fraction of the surface is covered by
these features, and ice cliff melt rates would have to be extremely high relative to debris-covered
ice (Brun et al., 2018). Differences and potential climate-induced changes in ice flow dynamics
and emergence in the ablation zone may therefore be a more logical explanation (Anderson &
Anderson, 2016; Banerjee, 2017; Brun et al., 2018; Vincent et al., 2016). Besides knowledge on
ice velocity (Chapter 4) and ice depth, detailed information of the spatial distribution of surface
features, their morphology, temporal dynamics, and specifics of the surrounding glacier are
required to improve our understanding on this topic.

To quantify this systematically, I present a method to delineate and characterise ice cliffs and
supraglacial ponds on a debris-covered glacier in Chapter 6. The semi-automatic approach
was able to objectively delineate the surface features from a UAV orthomosaic and DEM, and
provided the opportunity to extract detailed morphological characteristics of ice cliffs. Con-
sequently, it has provided insights into the characteristics and spatial distribution of the surface
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features, which is valuable information for ice cliff evolution studies (e.g. Buri & Pellicciotti, 2018;
Sakai et al., 2002) and their contribution to total glacier melt (Pellicciotti et al., 2015; Ragettli
et al., 2016a). Because of the relatively low flight height of the UAV above the ground level
the full three-dimensional morphology of ice cliffs could be derived automatically, and this has
great potential for a systematic calibration and validation of melt models and provides advantages
compared to terrestrial approaches (Brun et al., 2016; Watson et al., 2017).

8.3 Future of the glaciers

Glaciers in HMA provide an important seasonal contribution to stream flow (Marzeion et al.,
2014), as they gradually release precipitation and act as a reservoir (Jansson et al., 2003). In arid
regions in the west their melt water is particularly important for irrigation and hydropower
(Lutz et al., 2014), and hence of importance for future power and food security (Immerzeel et al.,
2010). Past and ongoing glacier mass loss of the glaciers in HMA (Brun et al., 2017) has increased
the glacier melt water component in the rivers, but continued reduction of glacier area will result
in reduced release of glacier melt water eventually (Huss & Hock, 2018; Immerzeel et al., 2013).
It is a key scientific challenge to translate results from local scale, i.e. single glacier studies, to
reliable projections of regional response of glaciers to climate change. In Chapter 7, I use the
knowledge about the response of debris covered glaciers to develop a large scale model for the
entire HMA to understand how climate change will impact (debris-covered) glaciers and what
the potential impacts are on water resources.

I show that the HMA is subject to elevation dependent warming and that the mountains
are warming more rapidly than the global average. Hence, there is an increased sensitivity
of HMA glaciers to climate change and a large volume of ice will be lost this century, even
under an optimistic climate change scenarios such as the 1.5 ◦C target of the 2015 Paris climate
agreement. More realistic climate change projections (Raftery et al., 2017) are detrimental for
the ice reserves in many regions of HMA, with potentially strong consequences for regional
water management in the second half of this century. My results also revealed that regions with
many debris-covered glaciers have a delayed response to warming as a result of the insulation of
a thick debris layer and that debris thus provides a buffer to climate change. Water availability
issues related to future glacier loss are thus less urgent in basins with a greater proportion of
debris-covered glaciers.

8.4 Challenges, recommendations and research outlook

The studies presented in this thesis provide insights into the surface evolution of debris-covered
glaciers. There are, however, still various research gaps to overcome before the role of debris-
covered glaciers is well understood. In this section, I indicate important remaining scientific
challenges, and provide recommendations and an outlook for future research.
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Thinning of debris-covered glaciers

This thesis reveals the high spatial variability of thinning rates and surface temperatures on debris-
covered glaciers and shows that surface temperature varies because of surface properties and pro-
cesses. However, the exact processes and their influence on melt have not yet been quantified.
Future studies should focus on combiningUAV-based data with field observations of debris prop-
erties to improve empirical and process-based models of debris-covered glacier melt. Linking
UAV-derived surface warming and thinning with in situ measurements will provide important
clues on the surface energy balance and can help to quantify ablation and emergence.

Supraglacial features and ice flow dynamics are identified as potential causes of the largely
equal thinning rates of debris-covered and debris-free glaciers, but specifics are unknown and
a clear attribution cannot be made yet. This limits our understanding of future changes to the
melt of these glaciers. Ice cliff ablation has been studied in detail, but important information of
ice flow and the emergence component of thinning are largely lacking at present and should
be expanded in future research. Glacier velocity measurements from UAV or high-resolution
satellite data can be useful, but to obtain the ice mass fluxes that are required to estimate emer-
gence it is important to perform those in conjunction with measurements of ice depths. As these
are currently difficult to perform, developments in (airborne) GPR systems (Eisenburger et al.,
2008) are very promising and key to collecting detailed ice depth information for a large sample
of glaciers in order to fully understand the dynamics of thinning.

Advances in UAV technology and sensors

Recent advances in UAV technology are expected to continue in the future with potentially
exciting opportunities in the research of debris-covered glaciers. For instance, improvements in
battery power, flight software and communication devices will lead to autonomous UAV systems
operating from a base station that can survey regularly for longer periods of time without human
interference (Blockley et al., 2017; Teixeira et al., 2018). Combined with other developments
such as better location accuracy and endurance, this may provide powerful automaticmonitoring
systems that acquire data on high spatial and temporal resolution for relatively large extents.

With increased UAV endurance it may also be possible to survey both the accumulation and
ablation area of a glacier in detail, which would allow glacier mass balance to be determined
more accurately and could provide information on glacier flow dynamics. However, for most
glaciers in HMA this would require additional improvements in the stability, navigation and
sensor capabilities of UAVs, because the accumulation zone is characterized by high wind and
low air pressure, complex steep topography, and limited surface contrast. Moreover, this would
require good estimates of the density of snow and ice.

Improvements in UAV-mounted sensors may also significantly change the analysis of debris-
covered glaciers. Multi- or hyperspectral sensors will enable better systematic classification of
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ice cliffs and ponds on debris-covered glaciers. They could also be used to gather detailed spec-
tral and particle size information for snow and firn in the accumulation area (Nolin & Dozier,
2000), or determine the lithological composition and potentially the source of the debris (Gibson
et al., 2017). Sensing in shortwave infared will provide better capabilities to detect moist debris
(Sadeghi et al., 2015), which could provide additional information for energy balance models,
especially valuable when deployed together with thermal infrared sensors. Future advances in
the weight and power consumption of LiDAR and GPR systems may allow them to be used
as UAV payload at high-altitude, allowing for the mapping of glacier surface elevation without
ground control and SfM, and mapping of ice thickness (Fasano et al., 2017; Sankey et al., 2018).

Besides imaging sensors, UAVs can also be equipped with sensors that measure meteoro-
logical variables such as wind speed, wind direction, pressure, air temperature and humidity
(Knuth & Cassano, 2014), and have the potential to measure turbulent fluxes (Reineman et al.,
2013). Surveying these variables in longitudinal, transverse and vertical profiles over (debris-
covered glaciers) will provide high-resolution three-dimensional measurements of the atmo-
spheric boundary layer. Together with synchronous surface temperature measurements and in
situmeteorological measurements, this has great potential to further research the glacier surface
energy balance.

Combining UAVs, satellites, in situ and modelling

UAVs are particularly valuable for studies of small scale processes, due to their capability to deliver
distributed data at high resolution. These abilities allow researchers to develop methods and
insights that can be extrapolated to the glacier or catchment scale throughmodelling and satellite
remote sensing, as this thesis exemplifies. Future possibilities of such integration are valuable
and should be pursued to understand variability from site to site and scale to scale. A integrated
system that would combine advances in computational capabilities, analytical methods, and in
situ, satellite andUAV data would be of particular value for the research of debris-covered glaciers
and the environment in general.

The cloud-computing power and data availability of Google Earth Engine (GEE) (Google
Earth Engine Team, 2017) could be a central component of such a system. The platform allows
for complex high-resolution spatial analyses for large areas and easy access to a wide range of dif-
ferent satellite, landcover, climate, weather and other data (Gorelick et al., 2017). Consequently,
it has the potential to perform and combine different large scale analyses easily in unprecedented
ways, which would allow better interpretation of changes and feedbacks in the entire system,
e.g. analysis of climate and weather data, changes in glacier mass (Brun et al., 2017), changes in
debris-cover (Chapter 7), changes in surface water (Pekel et al., 2016), and changes in vegetation
(Hansen et al., 2013). GEE’s database is also constantly updated with recent data, which enables
near real-time change detection and model data assimilation.

UAV data in integrated observational-statistical-model systems can be utilized by assimilation,
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validation or calibration and can greatly improve large scale measurements and model predic-
tions. Sub-grid variability of a model can for instance be parametrized using UAV data and be
used to upscale its findings to large regions. On the other hand, UAV data can be used for sta-
tistical downscaling and calibration of satellite data or derivative products, e.g. thermal infrared
imagery (Chapter 5) or land cover classifications (Chapter 6). It is important to improve the satel-
lite observations to enable better large scale analyses, particularly because the UAV approach is
limited to relatively small extents and accessible locations. For all these applications a substantial
amount of UAV data is required and hence it is important to perform more UAV surveys in
varied locations to capture and compare spatial variability.

The large amount of data that is available nowadays requires and enables a new data processing
approaches. Past and future developments in artificial intelligence and machine learning algo-
rithms, e.g. deep neural networks, random forests and support vectormachines (Lary et al., 2016),
are able to extract meaningful information from large amounts of data and are therefore crucial
in future research of glaciers and the water cycle. Integration of such empirical predictor-based
approaches in process-based models will yield new possibilities in glacier research. For instance,
they could statistically combine data at many scales on spatial variability in glacier melt, climate
and weather, complex topographical descriptors, and process-based responses to provide details
on the cause and effects of local and regional variability in glacier response. Moreover, the algo-
rithms are valuable for down- and upscaling of spatial data (Dong et al., 2016; He et al., 2016),
and combining distributed and point data.

For large scale integrated analyses continued advances in quality and quantity of satellite data
are valuable. For example, the recently launched satellite of the Gravity Recovery and Climate
Experiment Follow-On mission (GRACE-FO) (Flechtner et al., 2014) provides continued and
improved monitoring of the large scale distribution of earth’s water, which helps to identify
changes to glaciers, permafrost and ground water. On smaller scale, the ongoing development
of a constellation of high-resolution CubeSat miniature satellites (Planet Team, 2017) allows for
determination of high-resolution spatio-temporal dynamics of glaciers in unprecedented ways
(e.g. Steiner et al., 2018), and provides valuable data for statistical downscaling.

Integration into the larger system

In this thesis I focus strongly on debris-covered glaciers and the implementation of UAVs in their
research. Although this type of glacier is present in many of the high-altitude mountainous
catchments of HMA, its melt and water storage comprises only a single component of the water
balance. To understand the mountain water cycle and determine the full impact of climate
change on the mountains it is required to understand the dynamics and future changes of all
components and processes. However, various knowledge gaps still exist at present.

Valley scale atmospheric dynamics are yet uncertain and we know relatively little about the
spatio-temporal variability of temperature and precipitation at high altitude (Collier et al., 2015;
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Immerzeel et al., 2015). This information is crucial to understand patterns in high-altitude pre-
cipitation, snow fall and melt, glacier accumulation and ablation, and their effect on seasonal
variability in discharge. Specific snow dynamics complicate the balance. The largely unknown
and variable turbulent fluxes and wind redistribution of snow strongly affect sublimation rates
(Stigter et al., 2017), which regulate for a large part the amount of precipitation released as runoff
and glacier accumulation. Glacier and snow melt models are generally simplified by using tem-
perature index approaches and these work well for regional and catchment scale approaches, but
can be incompetent for estimation of high-altitude melt. This requires more physics-based ap-
proaches and better estimation of spatio-temporal dynamics of meteorological variables (Hock
et al., 2017). Groundwater provides an important base flow for mountain rivers and downstream
areas (Andermann et al., 2012; Bookhagen, 2012), but it is difficult to measure and as such yet
poorly understood. Finally, the components of the water balance cannot be studied properly
if river discharge is unknown, but accurate measurements of discharge in remote mountainous
catchments are also challenging and lacking.

UAVs have potential to contribute to advancements in the research challenges above. For ex-
ample, UAV surveys can (1) provide data on spatial variability of meteorological variables; (2)
produce high-resolution DEMs to determine snow depth and provide surface temperature to
support snow energy balance studies; (3) identify and quantify the inflow of ground water in
river streams by thermal imaging, and help to detect soil moisture and mountain springs; and
(4) produce high-resolution maps of the topography of the river bed to support river discharge
measurements. Nevertheless, understanding the mountain water cycle requires a multi-faceted
systems approach that consists of field measurements, aerial and spaceborne remote sensing, and
modelling of all the components to acquire the in-depth knowledge of mountain river catch-
ments required to understand their impact on downstream areas.

From a downstreamwater resource perspective, there are also many factors to consider besides
the glaciers. This comprises direct effects on stream flow, such as changes in precipitation and
evaporation, and indirect effects, such as ground water depletion by unsustainable irrigation
practices. Moreover, the large population growth and rapid socio-economic developments in
HMA have the potential to put stress on the water balance and changes in water demand are
conceivably very important in the short term future.

Unravelling small scale processes lies at the basis of understanding our environment. To un-
derstand water supply and demand and possible implications of future climate change in full, it
is key to understand each component completely and utilize specific knowledge, such as gained
in this thesis, in multidisciplinary studies and system approaches. Integration of details into the
larger picture will help to improve concepts and contribute to a larger understanding of our en-
vironment, and ultimately will help us to improve our insights into climate change, its impacts
and required measures, now and in the future.
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A.1 Supplementary figures

Figure A.1: Relation between area and volume for the entire HMA. The graph shows volume versus area for all glaciers
that are larger than 25 Landsat pixels, i.e. 0.0225 km2 (n = 83754), based on modelled ice thickness. The glaciers below
the 0.4 km2 threshold were discarded for further analysis. Volume-area scaling relations for each RGI sub-region were
determined using regression and are shown in the plot as grey annotation. Note that these volume-area scaling relationships
are shown as additional information for the reader, they were not used in our modelling.
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Figure A.2: Example maps of the debris classification. Landsat 8 imagery (a, d), Normalised Difference Snow Index (NDSI)
(b, e) and final debris classification (c, f ) for the 38 km2 Langtang Glacier (a–c) and the 134 km2 Yazghil Glacier (d–f ). The
RGI glacier outline is depicted as a black line.
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Figure A.3: Example maps of the ice thickness modelling. SRTM elevation (a, d), SRTM slope (b, e) and GlabTop2 ice
thickness (c, f ) for Langtang Glacier (a–c) and Yazghil Glacier (d–f ). The RGI glacier outline is depicted as a black line.
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Figure A.4: Ice ablation versus debris thickness. The figure shows ablation under debris cover relative to debris-free ice
ablation determined for different glaciers(Collier & Immerzeel, 2015; Juen et al., 2014; Kayastha et al., 2000; Mihalcea et al.,
2006; Nicholson & Benn, 2006; Østrem, 1959). The average of the curves is used in the mass balance gradient model to
calculate reduction of ice ablation by debris.
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Figure A.5: Examples of mass balance curves fitted using the MBG model. The panels show the median and the spread of
mass balance curves for the present day that follow from the Monte Carlo parameter ensemble for both Langtang (a) and
Yazghil (b). Additionally, median mass balance curves are plotted for each RCP ensemble in the end of century (2071–2100).
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Figure A.6: Schematic cross profiles of modelled ice thicknesses. The panels show examples of modelled reduction in ice
thickness at different time steps for Langtang Glacier (a–c) and Yazghil Glacier (d–f ). The separation between the different
elevation bands is indicated by the vertical white lines. The forcing used in the figure for both glaciers is MIROC5 RCP2.6
(Table A.4).
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Figure A.7: Temperature forcing over the period 2005–2100. The panels show the transient temperatures that were used
to force the mass balance gradient model for the entire model period for all RCPs. Each panel shows a line with the mean
temperature and a shading with the RCP ensemble spread for a specific RGI sub-region (a–o) or the total HMA (p).
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Figure A.8: Precipitation forcing over the period 2005–2100. The panels show the transient precipitation changes that
were used to force the mass balance gradient model for the entire model period for all RCPs. Each panel shows a line with
the mean precipitation changes and a shading with the RCP ensemble spread for a specific RGI sub-region (a–o) or the
total HMA (p).
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Figure A.9: Mean temperature increases for all four RCPs. Maps with the mean temperature increase at the glaciers of an
RGI sub-region between pre-industrial (1851–1880) and end of century (2071–2100) for RCP2.6 (a), RCP4.5 (b), RCP6.0
(c) and RCP8.5 (d).
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Figure A.10: Example maps of future ice thickness for elevation bands of a glacier. The maps show for Langtang Glacier
(a–c) and Yazghil Glacier (d–f ) examples of modelled reduction in average ice thickness per elevation band for three dif-
ferent time steps, which are annotated in each panel. The forcing used in the figure for both glaciers is MIROC5 RCP2.6
(Table A.4).
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Figure A.11: Remaining glacier area by the end of century. For every RGI sub-region (a–o) bar plots show the glacierised
area that will remain in the end of century (EOC, 2071–2100) for all RCP ensembles and the models selected for the 1.5 ◦C
scenario (Table A.4). The error bars indicate the standard deviation of the ensembles. Remaining areas for the entire HMA
are shown in panel p.
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Figure A.12:Comparison of mass balance data. A comparison of the regional mass balance means and inter-glacier standard
deviations that were used to force the model (blue) with those determined from data of a large-scale geodetic study (Gardelle
et al., 2013) (red). Mass balances of the Cogley GMBAL dataset (release 1501) (Cogley, 2009) available for glaciers in the
RGI sub-regions that fall in the period 2000-2010 (n = 91) are plotted as grey crosses.
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Figure A.13: Validation of modelled elevation change and ELA. Modelled versus observed (Gardelle et al., 2013) elevation
changes of the ablation zone, shown separately for debris-free and debris-covered tongues (a). Modelled ELAs versus
reported ELAs (Gardelle et al., 2013) for the same regions (b). The points denote the regional mean and the whiskers the
standard deviation.
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Figure A.14: Validation of frontal changes and ELA. Modelled versus observed (Scherler et al., 2011) frontal changes of
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outliers that are outside 2.5 times the interquartile range. Panel b shows modelled ELAs versus estimated snow line elevations
(Scherler et al., 2011)for the same regions. The points denote the regional mean and the whiskers the standard deviation.
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A.2 Supplementary tables

Table A.1: Glacier statistics for every RGI sub-region. Processed glaciers are those on which the analysis was performed,
i.e. glaciers larger 0.4 km2. Processed area was determined from RGI metadata. Processed volume was determined using
the GlabTop2 model results, which was limited to glaciers that are larger than 25 Landsat pixels (n = 83,754).

RGI sub-region Glaciers Processed
glaciers

Processed
glaciers (%)

Processed
area (%)

Processed
volume (%)

Hissar Alay 3,151 942 29.9 80.9 98.5
Pamir 10,234 3,737 36.5 88 99.5
West Tien Shan 9,739 3,388 34.8 89 99.4
East Tien Shan 5,227 1,461 28 81.7 98.4
West Kun Lun 5,396 2,281 42.3 94.1 99.8
East Kun Lun 3,519 1,275 36.2 90.5 99.7
Qilian Shan 2,730 850 31.1 84.3 98.4
Inner Tibet 9,365 3,093 33 89.2 99.4
South Tibet 5,066 1,582 31.2 86.2 99.1
Hindu Kush 4,401 1,298 29.5 83.3 99
Karakoram 13,759 4,963 36.1 94.9 99.9
West Himalaya 9,832 3,194 32.5 87 99.3
Central Himalaya 4,529 2,015 44.5 92 99.5
East Himalaya 4,237 1,750 41.3 91.4 99.6
Hengduan Shan 4,352 1,758 40.4 89.3 99.4

Total 95,537 33,587 35.2 90.2 99.3
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Table A.2: Error matrix and statistics that show the accuracy of the debris classification. The error matrix is based on a
stratified sample of 1000 random points for which ground truth was determined visually. For 15 of the random samples
ground truth could not be determined accurately. Classification accuracy statistics (Lillesand et al., 2015) calculated from
the error matrix are shown in the table as well as class abundances for the entire composite mosaic.

Error matrix Ground truth
Classification Debris-free Debris-covered Lake
Debris-free 371 19 0
Debris-covered 21 373 4
Lake 21 22 154
28% of debris samples on
slope >24°

Error statistics
Producer’s accuracy 90% 90% 97%
User’s accuracy 95% 94% 78%
Overall accuracy 91%
Kappa value 0.86

Class abundance 102,202,797 (85.9%) 16,501,140 (13.9%) 237,475 (0.2%)
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Table A.3: Observed regional mass balances. The table shows the regional mass balances and mass balance standard de-
viations that were used to run the MBG model. The values were taken from various remote sensing and in situ studies
(Farinotti et al., 2015; Gardelle et al., 2013; Gardner et al., 2013; Kääb et al., 2015; Ke et al., 2015; Sorg et al., 2012; Yao et al.,
2012a; Zhang et al., 2016).

Region Observed
MB (m)

MB source Area-weighted
SD(m)

SD source

Hissar Alay −0.36 Kääb 2015 0.31 -
Pamir −0.20 Kääb 2015 0.30 Zhang 2016
West Tien Shan −0.49 Farinotti 2015 0.21 Sorg 2015
East Tien Shan −0.48 Farinotti 2015 0.16 Sorg 2015
West Kun Lun 0.04 Kääb 2015 0.21 Ke 2015
East Kun Lun −0.46 Kääb 2015 0.13 Ke 2015
Qilian Shan −0.49 Kääb 2015 0.11 -
Inner Tibet −0.36 Kääb 2015 0.23 Yao 2012
South Tibet −0.60 Kääb 2015 0.33 Yao 2012
Hindu Kush −0.36 Kääb 2015,

Gardner 2013
0.48 Gardelle 2013

Karakoram −0.13 Kääb 2015 0.34 Gardelle 2013
West Himalaya −0.28 Kääb 2015 0.33 Gardelle 2013
Central Himalaya −0.28 Kääb 2015 0.31 Gardelle 2013
East Himalaya −0.40 Kääb 2015 0.33 Gardelle 2013
Hengduan Shan −0.82 Kääb 2015,

Gardner 2013
0.35 Gardelle 2013,

Yao 2012
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Table A.4: CMIP5 climate models used for climate forcing. The table shows the models part of each RCP ensemble of
CMIP5 GCMs that are used to force the mass balance gradient model. For each model the global and HMA dT (◦C) and
dP (%) are shown for both pre-industrial to end of century and present to end of century. Models part of the 1.5 ◦C EOC
ensemble are flagged with an asterisk.

RCP Model run Global dT
1851-1880 –
2071-2100

Regional dT
1851-1880 –
2071-2100

Regional dP
1851-1880 –
2071-2100

Regional dT
1996-2015 –
2071-2100

Regional dP
1996-2015 –
2071-2100

RCP2.6 bcc-csm1-1-m_r1i1p1 1.86 2.36 6.40 0.83 2.90
RCP2.6 bcc-csm1-1_r1i1p1 1.77 2.20 3.50 0.80 2.80
RCP2.6 BNU-ESM_r1i1p1 2.15 2.65 7.20 1.16 3.40
RCP2.6 CanESM2_r1i1p1 2.24 2.91 19.40 1.39 8.30
RCP2.6 CCSM4_r1i1p1 1.82 2.09 5.10 0.53 2.00
RCP2.6 CESM1-CAM5_r1i1p1 1.97 2.01 16.00 1.29 1.40
RCP2.6 CNRM-CM5_r1i1p1 1.70 1.92 11.70 1.12 2.40
RCP2.6 CSIRO-Mk3-6-0_r1i1p1 1.88 2.45 10.60 1.44 4.20
RCP2.6 EC-EARTH_r8i1p1 1.85 2.45 9.60 0.72 1.30
RCP2.6 FGOALS_g2_r1i1p1 1.13 1.98 2.30 0.84 -1.90
RCP2.6 FIO-ESM_r1i1p1 0.89 1.06 -6.30 -0.58 -7.20
RCP2.6 GISS-E2-H_r1i1p1 1.62 2.36 5.80 0.90 2.30
RCP2.6 GISS-E2-R_r1i1p1 1.05 1.52 9.30 0.27 1.50
RCP2.6 HadGEM2-AO_r1i1p1* 1.57 1.75 5.90 1.15 5.20
RCP2.6 HadGEM2-ES_r2i1p1 1.80 1.87 0.50 1.29 3.30
RCP2.6 IPSL-CM5A-LR_r1i1p1 2.23 3.46 -1.60 1.34 3.60
RCP2.6 IPSL-CM5A-MR_r1i1p1 1.94 3.23 -5.40 1.24 -3.20
RCP2.6 MIROC-ESM-CHEM_r1i1p1 2.35 3.05 3.50 1.82 1.50
RCP2.6 MIROC-ESM_r1i1p1 2.33 3.21 4.90 2.00 2.80
RCP2.6 MIROC5_r1i1p1* 1.49 2.58 14.20 1.84 6.00
RCP2.6 MPI-ESM-LR_r1i1p1* 1.58 2.16 0.70 0.41 2.70
RCP2.6 MPI-ESM-MR_r1i1p1* 1.59 2.14 3.40 0.42 1.00
RCP2.6 MRI-CGCM3_r1i1p1 1.34 1.57 13.30 0.86 3.10
RCP2.6 NorESM1-M_r1i1p1* 1.40 2.24 3.40 1.10 0.60
RCP2.6 NorESM1-ME_r1i1p1* 1.43 2.15 5.10 1.32 -1.90
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Continuation of Table A.4

RCP4.5 ACCESS1-0_r1i1p1 2.63 4.01 4.40 2.92 3.40
RCP4.5 ACCESS1-3_r1i1p1 2.44 2.96 4.80 2.61 2.80
RCP4.5 bcc-csm1-1-m_r1i1p1 2.50 3.31 9.10 1.67 8.00
RCP4.5 bcc-csm1-1_r1i1p1 2.48 3.27 6.50 1.83 2.60
RCP4.5 BNU-ESM_r1i1p1 3.16 3.90 3.30 2.50 -3.90
RCP4.5 CanESM2_r1i1p1 3.04 4.46 18.20 2.99 10.80
RCP4.5 CCSM4_r1i1p1 2.56 3.29 7.30 1.72 4.00
RCP4.5 CESM1-BGC_r1i1p1 2.45 3.43 6.50 1.86 3.80
RCP4.5 CESM1-CAM5_r1i1p1 2.76 3.41 18.70 2.62 9.40
RCP4.5 CMCC-CM_r1i1p1 2.73 3.72 9.40 2.71 6.30
RCP4.5 CMCC-CMS_r1i1p1 2.70 3.97 1.60 2.73 -0.40
RCP4.5 CNRM-CM5_r1i1p1 2.51 2.91 14.80 2.23 4.90
RCP4.5 CSIRO-Mk3-6-0_r1i1p1 2.66 3.74 9.90 2.63 7.40
RCP4.5 EC-EARTH_r8i1p1 2.58 3.33 13.60 1.71 11.30
RCP4.5 FGOALS_g2_r1i1p1 1.82 3.02 2.90 1.68 0.40
RCP4.5 FIO-ESM_r1i1p1 1.85 2.54 -5.20 0.89 -3.80
RCP4.5 GISS-E2-H-CC_r1i1p1 2.34 3.94 10.10 1.87 6.50
RCP4.5 GISS-E2-H_r1i1p1 2.38 3.60 12.00 2.17 7.70
RCP4.5 GISS-E2-R-CC_r1i1p1 1.85 3.11 12.70 1.54 6.40
RCP4.5 GISS-E2-R_r1i1p1 1.76 2.89 1.10 1.58 0.60
RCP4.5 HadGEM2-AO_r1i1p1 2.87 3.86 3.70 3.02 4.60
RCP4.5 HadGEM2-CC_r1i1p1 2.44 2.87 2.10 2.86 7.70
RCP4.5 HadGEM2-ES_r2i1p1 2.95 3.55 3.40 2.98 6.00
RCP4.5 inmcm4_r1i1p1 1.81 2.95 -0.10 1.51 1.30
RCP4.5 IPSL-CM5A-LR_r1i1p1 3.10 5.08 -5.20 2.93 0.30
RCP4.5 IPSL-CM5A-MR_r1i1p1 3.05 5.25 -4.60 3.12 2.40
RCP4.5 IPSL-CM5B-LR_r1i1p1 2.47 2.90 8.80 1.80 5.00
RCP4.5 MIROC-ESM-CHEM_r1i1p1 3.17 4.37 9.30 3.36 6.90
RCP4.5 MIROC-ESM_r1i1p1 3.15 4.50 6.70 3.24 5.20
RCP4.5 MIROC5_r1i1p1 2.12 4.08 15.50 3.17 4.50
RCP4.5 MPI-ESM-LR_r1i1p1 2.39 3.86 -4.40 2.17 -2.30
RCP4.5 MPI-ESM-MR_r1i1p1 2.45 3.74 3.90 2.02 4.10
RCP4.5 MRI-CGCM3_r1i1p1 1.99 2.64 19.80 1.90 8.90
RCP4.5 NorESM1-M_r1i1p1 2.12 3.33 3.10 2.33 1.40
RCP4.5 NorESM1-ME_r1i1p1 2.16 3.42 5.60 2.52 -1.60
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Continuation of Table A.4

RCP6.0 bcc-csm1-1-m_r1i1p1 2.90 4.09 4.80 2.52 1.30
RCP6.0 bcc-csm1-1_r1i1p1 2.83 3.84 3.80 2.25 0.00
RCP6.0 CCSM4_r1i1p1 2.94 3.70 6.90 2.05 2.20
RCP6.0 CESM1-CAM5_r1i1p1 3.15 4.05 20.80 3.31 9.90
RCP6.0 CSIRO-Mk3-6-0_r1i1p1 2.74 3.57 16.10 2.52 13.60
RCP6.0 FIO-ESM_r1i1p1 2.32 3.07 -5.00 1.33 -4.60
RCP6.0 GISS-E2-H_r1i1p1 2.64 3.94 12.40 2.59 7.50
RCP6.0 GISS-E2-R_r1i1p1 2.64 3.94 1.30 2.59 0.80
RCP6.0 HadGEM2-AO_r1i1p1 2.85 3.69 7.10 3.02 5.70
RCP6.0 HadGEM2-ES_r2i1p1 3.31 3.91 1.40 3.50 6.20
RCP6.0 IPSL-CM5A-LR_r1i1p1 3.39 5.61 -9.30 3.41 -5.60
RCP6.0 IPSL-CM5A-MR_r1i1p1 3.34 5.65 -6.40 3.67 -3.00
RCP6.0 MIROC-ESM-CHEM_r1i1p1 3.57 5.26 7.50 3.98 5.90
RCP6.0 MIROC-ESM_r1i1p1 3.49 5.18 8.80 3.90 7.90
RCP6.0 MIROC5_r1i1p1 2.35 4.40 20.00 3.70 9.00
RCP6.0 MRI-CGCM3_r1i1p1 2.18 2.93 23.90 2.26 10.70
RCP6.0 NorESM1-M_r1i1p1 2.32 3.66 8.20 2.66 5.30
RCP6.0 NorESM1-ME_r1i1p1 2.38 3.56 9.60 2.72 3.70
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Continuation of Table A.4

RCP8.5 ACCESS1-0_r1i1p1 4.26 6.34 4.90 5.25 5.10
RCP8.5 ACCESS1-3_r1i1p1 4.17 4.88 8.60 4.44 5.70
RCP8.5 bcc-csm1-1_r1i1p1 4.12 5.64 8.80 4.14 7.20
RCP8.5 BNU-ESM_r1i1p1 5.10 6.54 -2.90 5.08 -6.90
RCP8.5 CanESM2_r1i1p1 4.99 7.41 33.10 5.94 22.20
RCP8.5 CCSM4_r1i1p1 4.34 5.76 9.00 4.20 7.20
RCP8.5 CESM1-BGC_r1i1p1 4.20 5.71 8.60 4.09 6.00
RCP8.5 CESM1-CAM5_r1i1p1 4.37 5.96 26.00 5.05 14.70
RCP8.5 CMCC-CM_r1i1p1 4.50 6.63 11.70 5.75 7.90
RCP8.5 CMCC-CMS_r1i1p1 4.56 6.76 2.90 5.50 2.00
RCP8.5 CNRM-CM5_r1i1p1 3.92 4.90 24.40 4.12 15.60
RCP8.5 CSIRO-Mk3-6-0_r1i1p1 4.21 5.80 21.40 4.81 13.20
RCP8.5 EC-EARTH_r8i1p1 4.11 5.65 22.20 4.05 17.90
RCP8.5 FGOALS_g2_r1i1p1 3.30 5.03 11.50 3.73 8.00
RCP8.5 FIO-ESM_r1i1p1 4.00 5.33 -11.50 3.75 -9.90
RCP8.5 GISS-E2-H_r1i1p1 3.66 5.73 15.30 4.23 12.90
RCP8.5 GISS-E2-R_r1i1p1 2.95 4.73 1.80 3.55 1.30
RCP8.5 HadGEM2-AO_r1i1p1 4.34 5.79 7.90 5.13 6.70
RCP8.5 HadGEM2-CC_r1i1p1 4.55 5.78 1.20 5.71 5.10
RCP8.5 HadGEM2-ES_r2i1p1 4.79 6.00 2.30 5.41 5.30
RCP8.5 inmcm4_r1i1p1 3.08 5.22 2.30 3.87 1.60
RCP8.5 IPSL-CM5A-LR_r1i1p1 5.18 8.33 -10.80 6.14 -6.00
RCP8.5 IPSL-CM5A-MR_r1i1p1 5.01 8.57 -7.40 6.48 -4.10
RCP8.5 IPSL-CM5B-LR_r1i1p1 4.02 5.20 16.40 4.13 11.30
RCP8.5 MIROC-ESM-CHEM_r1i1p1 5.27 8.10 10.20 6.89 7.20
RCP8.5 MIROC-ESM_r1i1p1 5.06 7.87 8.00 6.60 5.90
RCP8.5 MIROC5_r1i1p1 3.59 6.20 32.70 5.44 20.70
RCP8.5 MPI-ESM-LR_r1i1p1 4.15 6.58 -3.30 5.02 -2.90
RCP8.5 MPI-ESM-MR_r1i1p1 4.11 6.04 5.50 4.37 4.60
RCP8.5 MRI-CGCM3_r1i1p1 3.41 5.03 31.20 4.31 17.90
RCP8.5 NorESM1-M_r1i1p1 3.53 5.51 6.00 4.44 3.10
RCP8.5 NorESM1-ME_r1i1p1 3.68 5.62 7.80 4.73 1.90
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